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Abstract

Large Language Models (LLMs) have become
an increasingly important tool in research and
society at large. While LLMs are regularly
used all over the world by experts and lay-
people alike, they are predominantly developed
with English-speaking users in mind, perform-
ing well in English and other wide-spread lan-
guages while less-resourced languages such
as Luxembourgish are seen as a lower prior-
ity. This lack of attention is also reflected in
the sparsity of available evaluation tools and
datasets. In this study, we investigate the viabil-
ity of language proficiency exams as such eval-
uation tools for the Luxembourgish language.
We find that large models such as Claude and
DeepSeek-R1 typically achieve high scores,
while smaller models show weak performances.
We also find that the performances in such
language exams can be used to predict perfor-
mances in other NLP tasks in Luxembourgish.

1 Introduction

Large Language Models (LLMs) have become
increasingly ubiquitous in recent research, with
new models being frequently released and updated.
They have become similarly omnipresent in the ev-
eryday lives of private and professional users, with
models being deployed in wide-ranging domains
such as finance, medicine, and coding.

While LLMs are primarily catered towards
speakers of widespread languages such as English,
Spanish, and Chinese, low-resource languages are
generally regarded as a lower priority. Indeed,
many major LLMs such as the Llama family (Tou-
vron et al., Touvron et al., 2023, Grattafiori et al.,
2024) are trained nearly exclusively on English
data, and even LLMs with a focus on non-English
languages such as BLOOM (Le Scao et al., 2023)
barely include low-resource languages. As a conse-
quence, numerous mistakes can occur due to cross-
lingual transfer between related languages. These
mistakes include mistranslated words and partial
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code-switching, incorrect word order, misgendered
nouns, and violation of language-exclusive rules
such as the n-rule (Eifeler Regel) in the Luxem-
bourgish language (Gilles, 2006).

As such, it is important to determine the capa-
bilities of models to understand and generate texts
in such languages, and to recognise when they can
fail. The benefits of such research are two-fold as
it allows (1) to find general weaknesses and pit-
falls that can be addressed and mitigated in future
LLMs; (2) to make recommendations on which
LLM to use for a given scenario in a given low-
resource language. The latter is especially impor-
tant in use cases where an LLM would have to
handle personally identifiable data such as personal
names or phone numbers that is not allowed to
leave a company or organisation due to internal
policies and data privacy laws such as the Luxem-
bourgish Data Protection Law (Grand-Duché de
Luxembourg, 2018) or the General Data Protection
Regulation (European Union, 2016). In such cases,
data must be processed using locally deployed mod-
els that do not access the internet.

In this study, we aim to investigate the capabili-
ties of LLMs for Luxembourgish, a low-resource
language spoken by nearly 600,000 people world-
wide!, but predominantly in Luxembourg. We want
to determine those capabilities from two angles,
(a) how well LLMs perform in linguistic profi-
ciency exams used in language institutions; (b)
whether their performance in such exams can pre-
dict their performance in Natural Language Gener-
ation (NLG) tasks.

Specifically, we investigate 53 LLMs from a
wide array of LLM families that we compare sys-
tematically. In addition, we ascertain in which
cases LLMs fail and discover trends and common
weaknesses using language exams. Finally, we aim
to determine whether or not such exams are a use-

"https://cursus.edu/en/23040/
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ful tool to predict how well an LLM performs in
two tasks related to text summarisation. While this
study focuses on the Luxembourgish language, we
believe that our methodology can be generalised to
other low-resource languages as well.

In summary, our contributions are as follows:

(a) A systematic comparison of 53 popular LLMs
with regard to their linguistic proficiency in
Luxembourgish.

(b) A quantitative and qualitative error analysis.

(c) An analysis on the usefulness of language ex-
ams as a tool for performance prediction on
NLG tasks for Luxembourgish.

(d) An accessible and interactive public leader-
board for performance in Luxembourgish that
we will extend as new LLMs are released.”

2 Related Work
2.1 Testing LLMs on Knowledge Exams

Many recent studies have used exams to test the
knowledge of LLMs in a variety of domains. These
domains predominantly cover the medical domain
(Gotta et al., 2024, Stribling et al., 2024, Sahin
et al.,, 2025, Abbas et al., 2024, Zong et al.,
2024), but also computer science and program-
ming (Dinh et al., 2024, Ellis et al., 2024, Li et al.,
2025,VarastehNezhad et al., 2024), and the legal
domain (Katz et al., 2024, Martinez, 2024). The
general consensus is that LLMs perform well in
these exams, often surpassing human candidates.
However, most of these studies cover exams writ-
ten in English, with only a few covering exams
from Non-English speaking countries. Koto (2024)
released IndoCareer, an exam benchmark cover-
ing various topics in Indonesian. They test it on a
large number of LLMs with mixed results. Koto
et al. (2023) also conducted a similar study using
Indonesian school exams, where they found that
most LLMs managed to only pass primary school
exams. Jassem et al. (2025) presented LLMzSzt., a
benchmark of Polish national exams covering var-
ious subjects. They test numerous LLMs in both
English and Polish, showing that most LL.Ms per-
form better than randomly guessing. Locatelli et al.
(2024) tested LLMs on a standardised entry exam
for Brazilian universities covering different high

The leaderboard can be found as part of our Al Sandbox
at https://ai-sandbox.list.1lu/

school subjects. They found that all LLMs per-
formed very well on the exams, however, the num-
ber of tested LLMs was very low compared to our
study. Dao et al. (2023) compared two LL.Ms using
Vietnamese high school physics exams, showing
that they perform worse than students.

2.2 Testing Linguistic capabilities of LLMs
with Language exams

While there are numerous studies on the perfor-
mance of LLMs on general NLP tasks, they are far
less commonly focused specifically on language ex-
ams. Dargis et al. (2024) systematically test numer-
ous LLMs on standardised high school language
tests in Latvian and manually evaluate their outputs
with a human expert. Mayor-Rocher et al. (2024)
tested several LLMs on TELEIA, a benchmark of
exams for Spanish as a second language, as well as
a Spanish test for foreign university students. Simi-
larly, Mercorio et al. (2024) test numerous LLMs
on the novel Italian language exam benchmark IN-
VALSI, finding that large models consistently out-
perform smaller ones, and that the performance
degrades on harder tests.

However, compared to related studies, we do
not only assess LLM performance on language
exams, but we also explore their usefulness to
predict LLM performance in general NLP tasks.
Furthermore, we use tests that follow the Com-
mon European Framework of Reference for Lan-
guages (CEFR) (Council of Europe, 2001) to eval-
uate LLMs.

3 Methodology

In this section, we give details on the methodology
of this study and on our experiments, including
the datasets we used, the LLMs we targeted, the
metrics to compare the LLMs, the prompt design,
and hyperparameters of the studied models. We
also present and elaborate on the research questions
we address in this paper.

We evaluate LLMs in two general disciplines:
(1) language fluency and (2) language generation.
The language fluency test consists of solving lan-
guage exams that comprise sets of multiple-choice
questions that relate to the general understanding
of the language itself. In order to evaluate NLG, we
use two tasks from the LuxGen benchmark (Plum
et al., 2025), specifically the Headline Generation
and Short Description tasks. These tasks both con-
sist of processing texts and generating appropriate
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Figure 1: General testing pipeline.

summaries, either in form of a short description or
a news headline.

Testing is done in a zero-shot fashion for all
tasks. Figure 1 shows the general testing pipeline.
After instantiating an LLM (1), for every test sam-
ple, we initiate the model with a prompt that is
identical across every LLM (2). This initiation
prompt consists of explaining the LLM’s role and
the general task it needs to solve, as well as spec-
ifying the format of the inputs and outputs. We
then pre-process the test samples to make them
uniform and compatible with our prompts (3), and
give them to the LLM one at a time and in ran-
dom order (4). For the language exams, we apply
a post-processing step before comparing it to the
ground truth (5). Post-processing generally con-
sists of automatically correcting minor typos if the
output is different from each of the provided an-
swers (however, we judge outputs as being invalid
if they deviate significantly or are ambiguous and
could be attributed to multiple answers). Finally,
the LLM’s performance will be measured using
task-specific metrics (6) (see Section 3.4).

3.1 Research Questions
In this study, we aim to answer the following three

research questions:

RQ1: How well do LLMs perform in Luxem-
bourgish language tests? To answer this question,

Category | A1 | A2 | Bl | B2 | Cl | C2 | Total
Vocabulary | 26 | 26 |25 |28 |24 |26 | 155
Grammar | 26 |26 |26 |34 |29 |23 164
Reading C. | 26 |26 |25 |26 |26 |26 | 155
ConversationC. | 26 |26 |26 |26 |25 |26 | 155
Total | 104 | 104 | 102 | 114 | 104 | 101 | 629

Table 1: Statistics for language tests.

we let LLMs solve language exams. We compare
their performances in terms of number of correctly
answered questions and determine a "winner".

RQ2: In which cases do LLMs fail to under-
stand Luxembourgish? For this question, we
categorise the exam questions to determine which
categories are more difficult for LLMs to solve.

RQ3: Is there a correlation between performing
well in a language exam and performing well in
an NLG task? For the final question, we determine
whether using language exams is an appropriate
method to decide an LLM’s language capabilities
and if the "winners" of the exams manage to per-
form well in generation tasks.

3.2 Datasets
3.2.1 Language Tests

In order to evaluate the fluency of each model, we
use official language exams for Luxembourgish
provided to us by the Institut National des Langues
Luxembourg (INLL), a language institute in Lux-
embourg?. The difficulty level of each test follows
CEFR guidelines, and thusly ranges from A1 (be-
ginner) to C2 (proficient). The tests consist of
fill-in-the-blank type questions. The large major-
ity of them are multiple-choice questions (MCQs)
while nearly 17% of them them were open with-
out a pre-determined selection of possible answers.
The number of open questions differs depending
on the CEFR level and are either related to gram-
mar or vocabulary. Appendix A shows the exact
number and distribution of open questions in the
exams. The Al and A2 levels do not contain any
open questions, then, from B1 level, the higher the
level the higher the number of open questions.
However, for our experiments, we unify the ex-
ams by transforming them into the same type of
questions. Two Luxembourgish-speaking authors
converted the open questions into MCQs as this
allows to use a single standardised prompt across
all tests, and simplifies the error analysis. The des-
ignated authors made sure that the difficulty of the

3https://www.inll.lu/en/
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converted questions is adequate for the level of the
corresponding exams by writing distractors that
matched the difficulty of the given exam, taking
other MCQ questions from the same level as inspi-
ration. Distractors for grammar-related questions
include lexically similar misspellings of the correct
answer, incorrectly conjugated verbs, and incorrect
usage of prepositions. Vocabulary-related distrac-
tors generally include lexically similar words to the
correct answer and near-synonyms to the correct an-
swer that are wrong in the context of the given text.
Questions fall into one of four broad categories: vo-
cabulary, grammar, reading comprehension (RC),
and listening comprehension. Note that the data for
the latter category consists of transcripts rather than
audio files. As such, we will refer to that category
as conversation comprehension (CC) in this paper.
Table 6 shows further details for the tests. Further
note that we do not have permission to give access
to the actual dataset, but we can establish contact
between interested researchers and the INLL.

3.2.2 News Headline Generation

The Headline Generation task, being part of Plum
et al.’s (2025) LuxGen benchmark for assessing
Luxembourgish language models, consists of gen-
erating an appropriate title for a given news article.
The articles were sourced from the Luxembourgish
news agency RTL. The original test set comprises
13 852 samples, but for our purposes, we use a sub-
set of 300 randomly selected samples due to the
vast number of LLMs we are investigating.

3.2.3 Short Description Generation

The second LuxGen task we consider involves
generating short descriptions of Luxembourgish
Wikipedia articles. The descriptions featured on
Wikidata serve as a ground truth for this task. The
original test set consists of 2094 articles, but sim-
ilarly to the Headline Generation task, we limit
ourselves to a random selection of 300 samples.

3.3 Models

We perform our experiments on a large number of
LLMs from a wide array of language model fami-
lies and model sizes. As models are not explicitly
reported to understand Luxembourgish, the main
criteria for including a given LLM in our selec-
tion is their reported ability to (a) understand a
closely related Germanic language such as German
or Dutch, or (b) understand a very large number
of languages. Specifically, we include the follow-

ing models: Alfred (Hallstrom et al., 2023), Aya-
23 (Aryabumi et al., 2024), ChatGPT (OpenAl,
2023, OpenAl, 2024a, OpenAl, 2024b), Claude
3.5 Sonnet (Anthropic, 2024), Command-R (Co-
here For Al, 2024), DeepSeek-R1 (DeepSeek-Al,
2025), EuroLLM (Martins et al., 2024), Gemini 2.0
Flash (Google, 2024), LeChat (Mistral Al, 2023a),
Gemma 2 (Mesnard et al., 2024), GLM 4 (Zeng
et al., 2024), Gemma 3 (Kamath et al., 2025),
Llama 2 (Touvron et al., 2023), Llama 3, Llama 3.1,
Llama 3.2 (Grattafiori et al., 2024), Mistral (Mis-
tral Al, 2023b), Mixtral (Mistral Al, 2024), Phi 3,
Phi 3.5 (Abdin et al., 2024a), Phi 4 (Abdin et al.,
2024b), Qwen 2 (Yang et al., 2024a), QWQ (Yang
etal., 2024b, Qwen, 2025), StableLM 2 (Bellagente
et al., 2024), and WizardLM 2 (Xu et al., 2024).
Appendix B shows the full list of LLMs together
with model sizes and reasons for inclusion.

Model sizes range from 0.5 billion parameters
(Qwen2:0.5B) to 671 billion (DeepSeek-R1:671B).
We divide them into 3 size categories: small (<
15B parameters), medium-sized (> 15B & < 200B
parameters), and large (> 200B parameters). Note
that although some model sizes are unknown to us
as they are not communicated by the companies
releasing them, they are estimated to be at least
hundreds of billions of parameters. As such, we
categorise the concerned LLMs as large.

3.4 Metrics

We measure the performance of LLMs using differ-
ent metrics depending on the task. For the language
exams, we use simple accuracy, i.e., the percentage
of questions that an LLM answers correctly.

For language generation, we evaluate the outputs
of LLMs in terms of grammar and spelling as well
as similarity to the ground truth. We measure the
performance on both of these tasks in an LLM-as-
a-judge (LaalJ) fashion using an LLM that is not
part of the ones we are investigating as the judging
LLM. We choose the judging LLM based on its
ability to solve the task at hand, which we manu-
ally verify. The metrics should meet the following
requirements:

Grammar and Spelling metric

1. range between 0 and 1 where 0 is incomprehen-
sible and 1 is perfect with neither spelling nor
grammar mistakes.

2. punish non-Luxembourgish outputs, i.e., return
0 if the output is written in a different language.
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Model [Size | Al] A2] BI| B2] CI| C2
Baseline (average chance rate)
Random Baseline [/ [37.6 [ 37.5[33.3[33.0 [31.8 ]335
Small Models (< 15B)
Qwen2 05 [269[221[233]228[221]158
Llama 3.2 I 260|192 282201192129
Gemma 3 1 | 452365 |38.8 | 404 (250|337
Qwen 2 L5 |327(279|252|316 212|238
StableLM 2 L6 | 221|144 | 214|167 | 154 | 168
EuroLLM 17 | 173212 | 126 | 23.7 | 26.0 | 17.8
Gemma 2 2 394327311325 )|279 287
Llama 3.2 3 375|356 262|351 308|248
Phi 3 38 | 452|365 (272|263 |279 178
Phi 3.5 38 | 394|279 117|105 | 7.7 | 109
Gemma 3 4 | 548|433 (39.8 | 465|365 (317
Qwen 2 7 | 481365320360 394|317
Llama 2 7365385243 395250267
WizardLM 2 7 | 442385214316 | 288|297
Mistral 7 | 356356340307 | 346 | 267
Aya-23 8 | 404|308 |30.1 |316 |317 | 317
Llama 3.1 8 | 567337330333 308|337
Llama 3 8 | 452356350360 288|317
DeepSeek-R1 8 |53.8 394|388 395|346 | 287
GLM 4 9 | 548|413 379|456 | 442|356
EuroLLM 9 | 442|452 (330|342 (317|257
Gemma 2 9 | 587 |47.1|388|49.1 |404 | 347
Mistral-Nemo 12 529 1365|282 | 333298208
StableLM 2 12 279|356 | 262|289 (279|238
Gemma 3 12| 625|587 | 534|509 | 47.1 | 40.6
Llama 2 13279 | 144 | 233|263 | 23.1 | 267
Phi 3 14 | 452|385 |388 395|279 | 218
Phi 4 14 | 538519 427|447 | 346 | 337

Model [Size | Al[ A2] BI| B2] CI[ C2
Baseline (average chance rate)

Random Baseline [/ [37.6 [37.5[333[33.0[31.8]335
Medium-sized Models (> 15B& < 200B)
Mistral-Small 22 519 | 462 | 31.1 | 39.5 | 38.5 | 25.7
Gemma 2 27 66.3 | 63.5 | 54.4 | 45.6 | 50.0 | 41.6
Gemma 3 27 71.2 | 72.1 | 62.1 | 60.5 | 60.6 | 44.6
QWQ 32 60.6 | 49.0 | 51.5 | 47.4 | 38.5 | 44.6
Aya-23 35 43.3 | 37.5 | 39.8 | 36.0 | 33.7 | 34.7
Command-R 35 51.0 | 38.5 | 33.0 | 42.1 | 35.6 | 37.6
Alfred 40 423 1394 | 29.1 | 29.8 | 36.5 | 29.7
Mixtral 8x7 | 50.0 | 41.3 | 34.0 | 39.5 | 31.7 | 29.7
Llama 2 70 38.5 | 33.7 | 282 | 39.5 | 26.0 | 39.6
Llama 3 70 529 | 49.0 | 38.8 | 35.1 | 38.5 | 43.6
Llama 3.1 70 55.8 | 56.7 | 49.5 | 52.6 | 47.1 | 41.6
DeepSeek-R1 70 644 | 51.0 | 56.3 | 54.4 | 49.0 | 41.6
Qwen 2 72 60.6 | 46.2 | 40.8 | 51.8 | 41.3 | 40.6
Command-R+ 104 | 529 | 38.5 | 39.8 | 44.7 | 31.7 | 32.7
Mistral-Large 123 | 66.3 | 50.0 | 42.7 | 52.6 | 43.3 | 44.6
Mixtral 8x22 | 62.5 | 49.0 | 41.7 | 42.1 | 39.4 | 39.6
WizardLM 2 8x22 | 58.7 | 40.4 | 40.8 | 43.0 | 35.6 | 34.7
Large Models (> 200B)

Llama 3.1 405 | 78.8 | 39.4 | 48.5 | 59.6 | 55.8 | 46.5
DeepSeek-R1 671 | 923 |83.7| 738|763 | 73.1 | 81.2
ChatGPT 3.5 unk. | 92.3 | 85.6 | 80.6 | 83.3 | 76.0 | 66.3
Claude 3.5 Sonnet | unk. | 92.3 | 92.3 | 80.6 | 86.8 | 77.9 | 69.3
ChatGPT 4o unk. | 92.3 | 85.6 | 78.6 | 84.2 | 74.0 | 60.4
ChatGPT 40 mini | unk. | 90.4 | 90.4 | 59.2 | 59.6 | 54.8 | 43.6
Gemini 2.0 Flash | unk. | 89.4 | 84.6 | 74.8 | 80.7 | 76.0 | 54.5
LeChat unk. | 42.3 | 53.8 | 38.8 | 51.8 | 41.3 | 32.7

Table 2: Total results of language exams. Bold numbers indicate highest performance for each size category.

Adequacy metric

1. range between 0 and 1 where 1 is identical to
the ground truth and decreases the less similar
the output is to the ground truth and the more
it deviates from the text on a semantic level.

2. punish descriptions that are deemed too long.

Considering that such LLM-generated metrics
are essentially black boxes and non-deterministic
due to the inherent random nature of LLMs, we
repeat the generation a total of three times in order
to reduce variation. In addition to the LaaJ metrics,
we use two traditional metrics: METEOR (Baner-
jee and Lavie, 2005) and BERTScore (Zhang
et al., 2019), using the Luxembourgish Luxem-
BERT (Lothritz et al., 2022) as the embedding
model for BERTScore.

3.5 Prompt Design

We experimented with prompts of different lengths
and degrees of complexity to find a prompt that
yields the best result for solving the language ex-
ams. See Appendix C for the full prompt. Re-
garding the prompts for the Headline Generation
and Short Description summary tasks, we reuse the

prompts used by Plum et al. (2025) for every model
we investigate. The prompts used for evaluating the
LuxGen tasks that use the metric requirements de-
scribed in Section 3.4 can be found in Appendix D.

3.6 Computational Setup and
Hyperparameters

LLMs are either accessed externally via API key
or stored locally on our HPC infrastructure where
we have access to three NVIDIA Tesla V100 32GB
GPUs. We use Ollama * to prompt the LLM:s.

For all our experiments, models and metrics, we
use the default hyperparameters. The exceptions
are the models solving the language exams, for
which we set the temperature to O to reduce ran-
domness of the answers.

4 Results
4.1 RQI1: How well do LLLMs perform in
Luxembourgish language tests?

Table 2 shows the overall results of the LLMs we
tested as well as a baseline determined as the aver-
age performance for a model that randomly guesses

4https: //github.com/ollama/ollama
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the answers of the exams. See Appendix E for a
breakdown of results across the four categories. For
a more convenient way of exploring the results, we
also release an interactive web app with the results.

We observe a clear trend where the large mod-
els typically perform well above average. Claude
3.5 Sonnet achieves the highest scores across every
test except for the C2 test for which DeepSeek-
R1:671B performs best. Among the small models,
many models show promise to be adequate for fur-
ther fine-tuning on Luxembourgish data despite
their small size as they perform better than the
random baseline and either approach or slightly
surpass the 50% mark on the easier tests. We deem
Gemma3:12B the best small model as it performs
best in all exams out of the models in the small
category.

Medium-sized models generally perform consis-
tently better than small models. Gemma3:27B is
the overall winner among the medium-sized mod-
els, performing significantly better than all of its
counterparts except for the C2 exams where it ties
with the QWQ and Mistral-Large models.

Furthermore, as expected, performances drop
for higher CEFR levels as the tests become increas-
ingly more difficult, with one notable exception.
Most models achieve a higher performance on the
B2 test than on the B1 test. Specifically, they per-
form surprisingly well on the Reading Comprehen-
sion questions, warranting a closer examination of
the composition of the exams.

4.2 RQ2: In which cases do LLMs fail to
understand Luxembourgish?

In order to answer this question, we analyse trends
and patterns relating to the four categories men-
tioned in Section 3.2.1. Table 3 contains the per-
formances of the studied language models per cate-
gory. From the results, we note that overall, LLMs
perform almost consistently best in vocabulary
questions while grammar appears to be the hard-
est category. Furthermore, although the Reading
Comprehension and Conversation Comprehension
questions are nominally different, there is no sta-
tistical difference between the performances of the
LLMs in either category (according to a paired
t-test). However, when taking into account the
size categories of the LLMs, large models perform
significantly better in the conversation comprehen-
sion category than reading comprehension ques-
tions which might be due to the tested LLMs being

model \ Size \ Vocab. \ Grammar \ RC \ CC
Small Models (< 15B)
Qwen 2 0.5 25.7 19.7 | 21.2 | 22.6
Llama 3.2 1 21.3 23.7 | 20.5 | 18.8
Gemma 3 1 274 37.8 | 41.7 | 39.9
Qwen 2 1.5 29.6 28.3 | 25.0 | 25.2
StableLM 2 1.6 23.2 285 | 5.8 135
EuroLLM 1.7 24.0 20.0 | 16.7 | 18.1
Gemma 2 2 344 29.7 | 29.5 | 34.8
Llama 3.2 3 31.7 28.3 | 32.1 | 35.5
Phi 3 3.8 27.8 253 | 29.5 | 38.0
Phi 3.5 3.8 17.3 20.0 | 154 | 19.3
Gemma 3 4 46.2 329 | 43.6 | 47.1
Qwen 2 7 35.8 31.2 | 359 | 47.1
Llama 2 7 30.7 26.7 | 35.3 | 34.8
WizardLM 2 7 359 32.3 | 28.8 | 32.8
Mistral 7 31.2 28.3 | 34.6 | 38.1
Aya-23 8 31.7 29.5 | 32.1 | 374
Llama 3.1 8 30.1 335 | 39.7 | 444
Llama 3 8 34.5 33.7 | 35.3 | 38.6
DeepSeek-R1 8 40.6 345|404 | 413
GLM 4 9 50.3 273 | 43.6 | 52.8
EuroLLM 9 40.0 32.0 | 359 | 355
Gemma 2 9 57.3 34.1 | 449 | 43.8
Mistral-Nemo 12 36.2 27.7 | 34.6 | 36.7
StableLM 2 12 35.1 17.1 | 30.8 | 31.7
Gemma 3 12 63.1 324 | 545 | 59.9
Llama 2 13 25.6 266 | 21.2 | 21.3
Phi 3 14 34.0 35.8 | 32.7 | 38.6
Phi 4 14 46.2 36.7 | 45.5 | 45.8
Medium-sized Models (> 15B& < 200B)
Mistral-Small 22 41.3 29.5 | 34.6 | 50.3
Gemma 2 27 60.1 36.7 | 57.1 | 62.0
Gemma 3 27 71.1 51.7 | 60.9 | 64.5
QWQ 32 59.5 38.1 | 41.7 | 56.0
Aya-23 35 39.6 30.7 | 404 | 40.0
Command-R 35 394 344 | 442 | 413
Alfred 40 34.3 32.3 | 346 | 36.8
Mixtral 8x7 47.1 27.3 | 36.5 | 40.7
Llama 2 70 28.8 28.3 | 36.5 | 43.1
Llama 3 70 53.0 35.6 | 404 | 43.8
Llama 3.1 70 60.4 46.0 | 45.5 | 50.9
DeepSeek-R1 70 64.5 422 | 449 | 60.6
Qwen 2 72 51.6 36.5 | 48.7 | 51.5
Command-R+ 104 46.5 31.1 | 404 | 425
Mistral-Large 123 64.9 41.1 | 42.3 | 52.2
Mixtral 8x22 49.4 40.5 | 42.3 | 50.9
WizardLM 2 8x22 40.4 37.7 | 41.7 | 49.0
Large Models (> 2005)
Llama 3.1 405 63.4 43.0 | 54.5 | 59.3
DeepSeek-R1 671 92.2 752 | 744 | 79.9
ChatGPT 3.5 unk. 91.6 72.1 | 73.7 | 85.8
Claude 3.5 Sonnet | unk. 87.8 824 | 76.9 | 86.4
ChatGPT 40 unk. 88.3 71.5 | 73.1 | 84.5
ChatGPT 40 mini | unk. 76.7 554|622 | 715
Gemini 2.0 Flash | unk. 82.0 68.1 | 73.7 | 83.8
LeChat unk. 59.7 347 | 32.1 | 484

Table 3: Coarse-grained category results of language
exams. Bold numbers indicate highest performance for
each size category.

specifically instruction-tuned to hold conversations.

In addition to the coarse-grained ones, we cre-
ated fine-grained categories for the questions in
the language tests (see Appendix G for more infor-
mation on the categories). We present the results
of the best-performing models in Table 4. Due to
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space issues, we put the entire table in Appendix F.

The categorisation was done in two steps: first,
we did an automatic categorisation in a supervised
fashion using Claude 3.7 Sonnet and category ex-
planations as well as a separate manually annotated
language exam that were added to the prompt. We
provide the descriptions for each category as well
as the prompt for annotation in Appendices G and
H. In a second step, we manually reviewed the au-
tomatically annotated questions to ensure correct-
ness. It is to note that for this categorisation, we do
not differentiate between reading comprehension
and conversation comprehension, and thusly group
them together.

For vocabulary-related questions, there is a clear
pattern showing that LLMs perform worse in cate-
gories that require "language-exclusive" knowledge
and cannot be easily inferred from other languages,
i.e., idioms and native words. Regarding grammar,
the hardest categories for the large models are ad-
jectives, past tense, and cases. The main challenge
appears to be related to the fact that the possible
answers for many of those questions are almost
identical. For example, one question from the ad-
jectives category is:

Op __ Weiere kann een de Wanter Schlittschong fueren
with the possible answers being:
zougefruer, zougefruerene, zougefruerenen, zougefréieren

For the reading comprehension questions, we
split them into three categories: true/false, simple,
and complex. Simple questions do not require an
understanding of the entire given text excerpt, and
the correct answer for those questions can be found
either explicitly written in the text or by understand-
ing a portion of the text. True/false and complex
questions require models to fully understand the
given text excerpt, the main difference being that
True/False questions are binary while complex ones
have three or four possible answers. As such, the
latter questions are considered harder. This assump-
tion is indeed confirmed by the results as the large
models seem to perform best for simple questions.

It is to note, that these observations largely hold
true for small and medium-sized models except
for simple reading comprehension questions which
was often the hardest category for those models.

4.3 RQ3: Are there correlations between
performing well in a language exam and
performing well in an NLG task?

For this research question, we first average out the
performances of every LLM on all six language
exams, resulting in their overall exam performance
score. We then let the LLMs solve both of the Lux-
Gen tasks, and evaluate the outputs using an LLM-
as-a-judge (Laal). Our LLM of choice is Claude
3.7 Sonnet (Anthropic, 2025). After manually veri-
fying its capabilities to solve the tasks at hand, we
deemed it an adequate LLM to evaluate the experi-
ments as it solved both tasks well and with minimal
spelling mistakes. In addition to the LaaJ-metrics,
we employ the METEOR and BERTScore metrics
to measure the similarity between LLM outputs
and the corresponding ground truths which also
allows us to assess the usefulness of our novel met-
rics (see Appendix J). For both tasks and all metrics
we employ, we calculate mean performance scores
for each LLM. Figure 2 shows the performances
of all LLMs on the Headline Generation task (y-
axis) plotted against their respective overall exam
performances (z-axis). See Appendix K for plots
for the Short Description task and Appendix I for
detailed results for both tasks. Generally, the Lux-
Gen performances of the LLMs appear to strongly
positively correlate with their exam performances.
This is true for all metrics, although the spread
and average performance is lower for the non-Laal
metrics.

To confirm our observations, we calculate Pear-
son’s Correlation Coefficients (PCCs) for each set
of performances (see Table 5). For most cases, we
note moderate to strong PCCs. Some notable ex-
ceptions are the medium and large categories of
LLMs with BERTScore and METEOR metrics, re-
spectively, where there appears to be either a weak
positive correlation or no correlation at all. We fur-
ther calculate corresponding t-scores and p-values,
and show that our findings are significant in most
cases for a = 0.05 except for the aforementioned
exceptions and BERTScore for the large category.
We repeat the same significance tests for the Short
Description task (see Appendix K) and find consis-
tently high positive PCCs for all metrics, significant
at a = 0.05.

5 Discussion

Generally, we conclude that language exams can
indeed be a useful tool to assess the generation ca-
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model Llama 3.1 405B | DeepSeek-R1 671B | ChatGPT 3.5 | Claude 3.5 | ChatGPT 40 | ChatGPT 40 m | Gemini 2.0 | LeChat
V_Idioms 429 81.0 71.4 42.9 524 38.1 333 38.1
V_Noun 67.9 94.0 91.7 85.7 86.9 79.8 81.0 65.5
V_Verb 68.2 93.2 90.9 88.6 90.9 68.2 84.1 61.4
V_Adjective 47.8 91.3 100.0 100.0 95.7 87.0 87.0 47.8
V_Native 333 100.0 50.0 50.0 66.7 16.7 16.7 50.0
G_Gender 37.8 70.3 73.0 70.3 78.4 56.8 70.3 24.3
G_Pronouns 40.0 65.0 60.0 75.0 60.0 65.0 70.0 50.0
G_Verb 40.7 68.5 75.9 90.7 75.9 53.7 75.9 35.2
G_Adjective 222 55.6 44.4 66.7 55.6 222 66.7 44.4
G_Tense 36.7 69.4 77.6 91.8 77.6 55.1 79.6 34.7
G_Past 30.0 55.0 75.0 85.0 70.0 50.0 75.0 30.0
G_Present 53.8 84.6 92.3 100.0 923 76.9 84.6 38.5
G_Subjunctive 28.6 71.4 71.4 92.9 78.6 429 71.4 35.7
G_Modal 14.3 100.0 714 85.7 85.7 71.4 85.7 429
G_Prepositions 55.6 81.5 75.9 85.2 74.1 64.8 68.5 35.2
G_Cases 333 64.1 69.2 69.2 64.1 513 53.8 35.9
RC_TF 55.9 79.6 85.5 88.2 83.6 61.8 80.9 39.5
RC_Simple 63.6 86.4 88.6 86.4 86.4 86.4 86.4 40.9
RC_Complex 59.1 84.8 83.3 86.4 83.3 81.8 84.8 47.0

Table 4: Performance of large models on fine-grained categories. V: Vocabulary; G: Grammar; RC: Reading

Comprehension; TF: True/False
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Figure 2: Performance on language exams vs performance on the Headline Generation task.

pabilities of LLMs. For the NLP tasks we tested,
we can to a certain degree predict if an LLM per-
forms well given how well it scored on the exams.
However, there are some caveats to keep in mind:

Firstly, it is important to consider for what type
of task an LLM is considered. Language exams
are used to evaluate the general proficiency in a
language across multiple disciplines. As such, the

overall exam score can be dragged down by irrel-
evant categories of questions, e.g., an LLM used
to detect hate speech in an online forum does not
necessarily need to have a perfect grasp on obscure
grammar rules. In such a case, it is preferable to
adjust the exam to only include certain question
categories. Secondly, for this study, as there was
no instruction tuning data available for Luxembour-
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Task Small | Medium | Large All
Claude-G 0.651 0.735 | 0.291 | 0.837
Claude-A 0.648 0.585 | 0.301 | 0.794
METEOR 0.427 0.450 | 0.089 | 0.667
BERTScore | 0.407 0.116 | 0.266 | 0.622
(a) Pearson Correlation Coefficients

small | medium | large all

Claude-G 6.127 7.743 | 2.171 | 10.938
Claude-A 6.072 5.145 | 2.255 9.327
METEOR 3.369 3.600 | 0.639 | 6.390
BERTScore | 3.179 0.837 | 1.972 | 5.676

(b) T-Scores

small medium large all

Claude-G 1.299E-07 | 3.667E-10 | 0.0346 | 5.552E-15
Claude-A 1.583E-07 | 4.318E-06 | 0.0285 | 1.312E-12
METEOR 0.0014 0.0007 | 0.5259 | 4.998E-08
BERTScore 0.0025 0.4064 | 0.0541 | 6.578E-07

(c) P-Values

Table 5: Correlation tests between the overall exam
scores and Headline Generation task performances.

gish to the best of our knowledge, we did not do
any additional fine-tuning which might have altered
the performances of the tested LLMs to different
degrees. It is possible that certain LLMs adapt bet-
ter when fine-tuned on an appropriate instruction
tuning dataset first.

6 Conclusion

In this study, we investigated the performance of a
large number of recent LLMs on official language
exams, and assessed whether or not they serve as a
useful tool to determine the capabilities of language
models. We found that many models struggle with
even the easier exams, with only the largest mod-
els scoring well in every exam. We also delved
into dividing the exam questions into fine-grained
categories to assess which types of questions are
harder to solve for LLMs, finding that questions
requiring language-exclusive knowledge as well as
questions with similar answers pose problems to
many models. Finally, we determined that using
such exams can indeed be used as an indicator for
language generation and understanding capabilities
of LLMs, with some caveats to consider.
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8 Limitations

While we are confident about the findings and con-
clusions of our studies, there are still certain limita-
tions to consider. First, while we aimed to include
a comprehensive list of current LLMs in our exper-
iments, it is a nearly impossible task considering
the frequent release of new models. We even had to
scrap parts of our experiments that were done using
Gemini 1.5 Flash as it became inaccessible after the
release of the 2.0 model. We are also fully aware
that many new model versions have been released
that we did not consider for this study. We however
remain confident that our selection of LLMs gives
a good overview of available models. A limitation
that might have affected the performance on the
proficiency exams is the availability of such exams
in the training data. While the exams we received
from INLL are not publicly available and we do
not believe they could have been retrieved from a
webcrawl or similar means, LLMs could have seen
exams from other languages or simpler language
skill placement tests in Luxembourgish. Another
limitation relates to the relatively small number of
generation tasks we considered for RQ3. As they
are essentially both summarisation tasks, it is possi-
ble that our conclusions do not apply to other types
of NLP tasks. This could be a useful research di-
rection for future work. In addition, we only used
a small sample of those two summarisation tasks
due to the large number of LLMs we considered.
Furthermore, as the data that was used to create
those tasks are publicly available, it is possible that
at least a subset of the studied LLMs saw that data
during training which would have influenced their
performance in those tasks. Finally, it is possi-
ble that our conclusions are not generalisable to
other languages since we are limiting ourselves to
Luxembourgish. Again, studying if we can apply
our methodology to other low-resource languages
would be a worthwhile research direction that can
benefit other language communities.
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A Number and Distribution of Open
Questions in Language Exams

Category | A1 | A2 | B1 | B2 | C1 | C2 | Total
Vocabulary | 0 0 13 |13 | 14 | 12 | 52
Grammar | 0 0 0 17 | 14 | 25 | 56
Total | O 0 13 | 30 | 28 | 37 | 108

Table 6: Number of open questions in language exams

B Full List of LLMs and Reasons for
Inclusion

Table 7 contains the full list of LLMs we include
in this study.

C Language Exam Prompt

We use the following prompt for testing LLMs on
language exams:

"I will give you a language test for
Luxembourgish. For each part, you will
get a TEXT with one part missing marked
by [BLANK] and a list of possible
ANSWERS where every possible option is
separated with a comma. You MUST choose
the option out of the provided list that
best fits as replacement for the given
BLANK. As output, ONLY write the chosen
option, nothing else. DO NOT WRITE ANY
ADDITIONAL TEXT."

INPUT: [the question and possible answers]
OUTPUT:

where the INPUTS for the exams are formatted as
follows:

TEXT: Den Direkter ass houfereg [BLANK]
eis Leeschtung.
ANSWERS: [iwwert,fir,mat,op]

D Evaluation Metric Prompts for LuxGen

For each task and metric, we designed different
prompts for a total of four prompts:

Grammar and Spelling Metric for Small De-
scription Task:

I will give you a table as a TSV file. This
table contains Luxembourgish Wikipedia
articles in the first column, the second
column contains ground truth short

descriptions for the articles. The rest of
the columns contain short descriptions
generated by various language models. The
generated descriptions are supposed to be
written in correct Luxembourgish. Your
task is to judge the generated descriptions
in terms of grammatical correctness and
spelling. Keep in mind that the
descriptions do not need to be complete
sentences.

For each language model and sample, return
a score ranging from @ to 1 with two
decimals behind the comma. For the score,
1 means that the description is perfectly
written without any grammatical or
spelling mistakes. The more mistakes there
are, the lower the score should be. A @
means that the headline is full of mistakes
and made up words. Also return @ if the
description is not written in
Luxembourgish at all.

Return the average scores in a table.

Adequacy Metric for Small Description Task:

I will give you a table as a TSV file. This
table contains Luxembourgish Wikipedia
articles in the first column, the second
column contains ground truth short
descriptions for the articles. The rest of
the columns contain short descriptions
generated by various language models. The
generated descriptions are supposed to be
written in correct Luxembourgish. Your
task is to judge the generated
descriptions in terms of the content
being an adequate description of the
article. Keep in mind that the
descriptions do not need to be complete
sentences.

For each language model and sample, return
a score ranging from @ to 1 with two

decimals behind the comma. For the score,
1 means that the description is identical
to the ground truth, and should be lower
the more it deviates from the meaning of
the article. The score should also be
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Model ‘ Size ‘ Reason for Inclusion
Small Models (< 15B)
Qwen 2 0.5 Supports German and Dutch
Llama 3.2 1 Supports German
Gemma 3 1 Officially supports only English but manages to generate Luxembourgish in experiments
Qwen 2 1.5 Supports German and Dutch
StableLM 2 1.6 Supports German and Dutch
EuroLLM 1.7 Supports German and Dutch
Gemma 2 2 Was trained on multilingual data
Llama 3.2 3 Supports German
Phi 3 3.8 Tested on multilingual NLP tasks
Phi 3.5 3.8 Tested on multilingual NLP tasks
Gemma 3 4 Supports 140+ languages/ not explicitly supporting Luxembourgish
Qwen 2 7 Supports German and Dutch
Llama 2 7 Was trained on multilingual data / not explicitly multilingual
WizardLM 2 7 claims to be multilingual
Mistral 7 European model / not explicitly multilingual
Aya-23 8 Supports German and Dutch
Llama 3.1 8 Supports German
Llama 3 8 Performed well on multilingual NLP task including German
DeepSeek-R1 8 smaller version of massively multilingual model
GLM 4 9 Supports German
EuroLLM 9 Supports German and Dutch
Gemma 2 9 Training on multilingual data
Mistral-Nemo 12 Supports German
StableLM 2 12 Supports German and Dutch
Gemma 3 12 Supports 140+ languages/ not explicitly supporting Luxembourgish
Llama 2 13 Was trained on multilingual data
Phi 3 14 Tested on multilingual NLP tasks
Phi 4 14 Trained on German data
Medium-sized Models (> 15B& < 200B)
Mistral Small 22 Supports German and Dutch
Gemma 2 27 Training on multilingual data
Gemma 3 27 Supports 140+ languages/ not explicitly supporting Luxembourgish
QWQ 32 Supports 29 languages/ not explicitly supporting Luxembourgish
Aya-23 35 Supports German and Dutch
Command-R 35 Supports German
Alfred 40 Supports German
Mixtral 8x7 Supports German
Llama 2 70 Was trained on multilingual data
Llama 3 70 Performed well on multilingual NLP task including German
Llama 3.1 70 Supports German
DeepSeek-R1 70 smaller version of massively multilingual model
Qwen 2 72 Supports German and Dutch
Command-R+ 104 Supports German
Mistral-Large 123 Supports German
Mixtral 8x22 Supports German
WizardLM 2 8x22 claims to be multilingual
Large Models (> 200B)
Llama 3.1 405 Supports German
DeepSeek-R1 671 Massively Multilingual Model
ChatGPT 3.5 175 Massively Multilingual Model
Claude 3.5 Sonnet | unk Massively Multilingual Model
ChatGPT 4o unk Massively Multilingual Model
ChatGPT 40 mini | unk Massively Multilingual Model
Gemini 2.0 Flash | unk Massively Multilingual Model
LeChat unk Massively Multilingual Model

Table 7: Full list of LLMs and our reasoning for including them in this study
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lowered for descriptions that are too long.

A @ means that the description is
completely irrelevant to the article.

Return the average scores in a table.

Grammar and Spelling Metric for News Head-
line Task:

You are a news editor for a Luxembourgish
news paper. I will give you a table as a
TSV file. This table contains news
articles in the first column, the second
column contains ground truth headlines
for the articles. The rest of the columns
will contain headlines that were produced
by various language models. Your task is
to judge the produced headlines in terms
of grammatical correctness and spelling.

For each language model and sample, return
a score ranging from @ to 1 with two
decimals behind the comma. For the score,
1 means that the headline is perfectly
written without any grammatical or
spelling mistakes. The more mistakes there
are, the lower the score should be. A @
means that the headline is full of
mistakes and made up words. Also return
@ if the description is not written in
Luxembourgish at all.

Return the average scores in a table.

Adequacy Metric for News Headline Task:

You are a news editor for a Luxembourgish
news paper. I will give you a table as a
TSV file. This table contains news
articles in the first column, the second
column contains ground truth headlines
for the articles. The rest of the columns
will contain headlines that were produced
by various language models. Your task is
to judge the produced headlines in terms
of summary of the content of the article.

For each language model and sample,
return a score ranging from @ to 1 with
two decimals behind the comma. For the

score, a 1 means that headline is
identical to the ground truth, and should
decrease the more its meaning deviates
from the content in the news article. The
score should also be lowered for headlines
that are too long. A @ means that the
headline is completely irrelevant to the
article.

Return the average scores in a table.

E Coarse-grained Exam Results

Table 8 shows the full breakdown of our results on
language tests for each language level.

F Fine-grained Exam Results

Table 9 shows results of our experiments on fine-
grained categories for all LLMs.

G Fine-grained Category Description

Table 10 contains explanations and statistics for
the fine-grained categories we created for the exam
dataset.

H Fine-grained Category Annotation Prompt

We use the following prompt to categorise the exam
questions:

I have a language test for Luxembourgish
where I would like you to categorise every
question into different types of skill
they are testing. For every question and
every category, determine and mark
whether or not a given question belongs
to a given category, as follows:

@, the question does not belong
to the category
1, the question belongs to the category

Write the output in tabular form like
TSV.

The file I am uploading are some
questions that I already manually
annotated.

Use it as a guideline.

The list of categories and explanations
is as follows:

vocabulary: any question relating

to vocabulary
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grammar: any question relating

to grammar

vocabulary_idiom: a question relating

to idioms or metaphors

vocabulary_noun: a vocabulary question

relating to a noun

vocabulary_verb: a vocabulary question

relating to a verb

vocabulary_adjective: a vocabulary

question relating to an adjective

vocabulary_native_word: a vocabulary

question where the correct answer is a

word exclusive to Luxembourgish

grammar_gender: a question relating to determining the gender

of a determinant, adjective, or pronoun

grammar_pronouns: a question relating to pronouns

grammar_verbs: a question relating to conjugations of verbs
grammar_adjectives: a question relating to adjectives

grammar_tense: a question relating to the correct use of tenses
grammar_tense_past: a question relating to the past tense
grammar_tense_present: a question relating to the present tense
grammar_tense_subjunctive: a question relating to the subjunctive tense
grammar_verbs_modal_verbs: a question relating to modal verbs
grammar_preposition_conjunction: a question relating to the correct use

of prepositions or conjunctions

grammar_cases: a question relating to nominative,genitive,dative, or accusative
reading_comprehension_true_false: a reading comprehension question where the answer
is either true or false

reading_comprehension_simple: a reading comprehension question that does not require to
understand the entire text excerpt to answer correctly
reading_comprehension_complex: a reading comprehension question that requires a deeper
understanding of the entire text excerpt to answer correctly

I LuxGen Evaluation Results using
LLM-as-a-Judge metrics

Table 11 shows the full evaluation results of the
LuxGen experiments over three runs as well as the
average performances.
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Category name | Category Description #
V_idiom a question relating to idioms or metaphors 21
V_noun a vocabulary question relating to a noun 84
V_verb a vocabulary question relating to a verb 44
V_adjective a vocabulary question relating to an adjective 23
V_native a vocabulary question where the correct answer is a word exclusive to Luxembourgish 6
G_gender a question relating to determining the gender of a determinant, adjective, or pronoun 37
G_pronouns a question relating to pronouns 20
G_verbs a question relating to conjugations of verbs 55
G_adjective a question relating to adjectives 9
G_tense a question relating to the correct use of tenses 50
G_past a question relating to the past tense 21
G_present a question relating to the present tense 13
G_subjunctive | a question relating to the subjunctive tense 14
G_modal a question relating to modal verbs 7
G_preposition | a question relating to the correct use of prepositions or conjunctions 54
G_cases a question relating to nominative,genitive,dative, or accusative 39
RC_TF a reading comprehension question where the answer is either true or false 152
RC_Simple a reading comprehension question that does not require to understand the entire text excerpt to answer correctly 72
RC_Complex | areading comprehension question requiring a deeper understanding of the entire text excerpt to answer correctly | 86

Table 10: Statistics for fine-grained categories for exam questions.
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Claude-G | Claude-A | METEOR | BERTScore
Claude-G 1.00 0.86 0.71 0.70
Claude-A 0.86 1.00 0.56 0.55
METEOR 0.71 0.56 1.00 0.95
BERTScore 0.70 0.55 0.95 1.00
(a) Pearson Correlation Coefficient
Claude-G | Claude-A | METEOR | BERTScore
Claude-G / 11.90 7.27 7.07
Claude-A 11.90 / 4.82 4.72
METEOR 7.27 4.82 / 22.60
BERTScore 7.07 4.72 22.60 /
(b) T-Scores
Claude-G | Claude-A | METEOR | BERTScore
Claude-G / 2.472E-16 | 2.050E-09 | 4.241E-09
Claude-A | 2.472E-16 / 1.322E-05 | 1.859E-05
METEOR | 2.051E-09 | 1.322E-05 / 3.134E-28
BERTScore | 4.241E-09 | 1.859E-05 | 3.134E-28 /

(c) P-Values

Table 12: Correlation tests for different metrics on the
headline generation task.

J Comparison of LL.M-as-a-Judge and
traditional metrics

In this section, we compare our LL.M-as-a-Judge
metrics to the BERTScore and METEOR scores
in order to assess the usefulness of our novel met-
rics. Figure 3 and 4 show performances of every
studied LLM on the Headline Generation and Short
Description tasks using the four different metrics,
respectively. We observe that while the scores are
different for each metric they appear to be highly
correlated to each other. This is further corrobo-
rated by Tables 12a through 13c¢ which contain cor-
relation matrices with Pearson Correlation Coeffi-
cients, t-scores, and p-values between every metric,
showing strong correlations between the traditional
metrics and the LLM-as-a-Judge metrics, with the
significance tests showing the correlations to be
significant at a significance level oo = 0.01.

Claude-G | Claude-A | METEOR | BERTScore
Claude-G 1.00 0.90 0.65 0.72
Claude-A 0.90 1.00 0.60 0.73
METEOR 0.65 0.60 1.00 0.89
BERTScore 0.72 0.73 0.89 1.00
(a) Pearson Correlation Coefficient
Claude-G | Claude-A | METEOR | BERTScore
Claude-G / 15.08 6.13 7.36
Claude-A 15.08 / 5.33 7.67
METEOR 6.13 5.33 / 14.31
BERTScore |  7.36 7.67 1431 /
(b) T-Scores
Claude-G | Claude-A | METEOR | BERTScore
Claude-G / 1.941E-20 | 1.266E-07 | 1.466E-09
Claude-A 1.941E-20 / 2.215E-06 | 4.740E-10
METEOR | 1.266E-07 | 2.215E-06 / 1.736E-19
BERTScore | 1.466E-09 | 4.740E-10 | 1.736E-19 /

(c) P-Values

Table 13: Correlation tests for different metrics on the
Short Description task.
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Figure 3: Comparison between LLM-as-a-Judge metrics, BERTScore, and METEOR on the headline generation

task. We are using a stacked line chart to better highlight the correlations between the metrics.
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Figure 4: Comparison between LLM-as-a-Judge metrics, BERTScore, and METEOR on the short description task.

We are using a stacked line chart to better highlight the correlations between the metrics.
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K Results for the Short Description Task

Figure 5 shows the LLM performances on the Short
Description task plotted against their performances
on the proficiency exams while Table 14 shows
PCCs, t-scores, and corresponding p-values.

Task Small | Medium | Large All
Claude-G 0.670 0.773 | 0.926 | 0.779
Claude-A 0.700 0.812 | 0.859 | 0.660
METEOR 0.743 0.550 | 0.780 | 0.702
BERTScore | 0.749 0.595 | 0.618 | 0.604
(a) Pearson Correlation Coefficients

small | medium large all
Claude-G 6.443 8.702 | 17.516 | 8.884
Claude-A 7.005 9.935 | 11.970 | 6.279
METEOR 7.935 4.700 8.911 | 7.036
BERTScore | 8.072 5.293 5.612 | 5.419

(b) T-Scores

small medium large all
Claude-G 4.126E-08 | 1.182E-11 | 3.185E-23 | 6.204E-12
Claude-A 5.338E-09 | 1.609E-13 | 1.980E-16 | 7.483E-08
METEOR 1.837E-10 | 2.009E-05 | 5.635E-12 | 4.770E-09
BERTScore | 1.119E-10 | 2.563E-06 | 8.25E-07 1.64E-06

(c) P-Values

Table 14: Correlation tests between the overall exam
scores and Short Description task performances.
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Figure 5: Performance on Language Exams vs Performance on the Short Description Task.
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