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Abstract

Evaluating language technology for low-resource languages faces a fundamental challenge: the scarcity of
native benchmarks suitable for systematic assessment. For Faroese, no such evaluation frameworks exist. We
address this gap by presenting the first benchmark suite for Faroese semantic understanding and grammatical
competence. Our methodology transforms existing lexicographic resources, authoritative dictionaries and error
corpora, into systematic evaluation tasks through computational restructuring, demonstrating a replicable approach
for resource-constrained settings. The resulting benchmarks assess grammatical correctness, semantic relation
classification, and metaphor comprehension. Evaluation across LLMs from compact open-source to large-scale
commercial systems reveals consistent performance patterns favouring proprietary models. This work establishes a
proof of concept for benchmark creation from traditional linguistic resources, and provides a methodological template

for other low-resource language communities.
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1. Introduction

The rapid advancement of large language mod-
els (LLMs) has demonstrated remarkable capabili-
ties across diverse natural language understanding
tasks, yet their performance on low-resource lan-
guages remains under-explored. This gap persists
primarily due to the scarcity of evaluation bench-
marks for such languages, as benchmark creation
typically requires substantial manual annotation ef-
forts and linguistic expertise that may be limited for
smaller language communities. Existing evaluation
frameworks predominantly focus on high-resource
languages, leaving critical questions about LLM
competence in low-resource contexts unanswered.
Here, we present the first comprehensive gram-
matical and semantic benchmark suite for Faroese,
a North Germanic language spoken in the Faroe
Islands with approximately 70,000 speakers. We
introduce novel datasets curated from dictionaries
and a selection of other language resources that
challenge models across two complementary di-
mensions of language understanding: grammar
and semantics.

Our benchmark employs a novel methodology
that combines traditional lexicographic resources
with computational methods for task generation and
distractor selection. By leveraging dictionary data
as the source for semantic relations and metaphor-
ical explanations, we create challenging, controlled
evaluation tasks while mitigating the constraints
of a low-data, low-expert setting. This approach
of using carefully constructed prompts with ran-
domized option ordering and dictionary-derived
datasets creates a replicable pathway for other low-
resource languages that possess lexical resources

but lack language understanding benchmarks. To
our knowledge, this is the first systematic curation
and computational adaptation of Faroese lexico-
graphic resources for NLP evaluation. This work
contributes both methodological insights for evalu-
ating LLMs on morphologically rich, low-resource
languages and empirical findings on the extent to
which current models can capture fine-grained se-
mantic and grammatical distinctions in Faroese.

In this paper, we present three benchmark tasks
for evaluating language models on Faroese: one
focused on grammatical correctness and two on
semantic understanding. The grammatical correct-
ness task evaluates models’ ability to identify vi-
olations of prescriptive grammatical rules. The
first semantic task tests models’ ability to distin-
guish between synonyms, antonyms, and unre-
lated words, evaluating their grasp of semantic
polarity and lexical relations. The second seman-
tic task assesses understanding of figurative lan-
guage through metaphor explanation. We evaluate
a range of proprietary and open-source LLMs of
varying sizes, providing insights into how current
systems handle linguistic distinctions in a morpho-
logically rich, low-resource language.

2. Background and Related Work
2.1,

Evaluation plays a central role in the development
and assessment of language models, providing
standardized ways to measure model competence
in various tasks within e.g. language, common
sense, and reasoning. Large evaluation suites like
GLUE and SUPERGLUE (Wang et al., 2018, 2020)
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have paved the way for evaluating language under-
standing in English, and have inspired the Nordic
benchmark suites of SUPERLIM (Berdicevskis
et al., 2023) and NorBench (Samuel et al., 2023)
for Swedish and Norwegian. Closing in on Faroese,
the now multi-lingual EuroEval (Nielsen, 2023) has
been the only benchmarking platform to include
Faroese language with currently four NLU tasks
using datasets from e.g. Debess et al. (2024) for
sentiment analysis and Simonsen et al. (2025) for
question-answering. However, since the majority
of the datasets are machine-generated with hu-
man validation, these may not fully reflect authentic
Faroese language use, and possibly propagate bi-
ases related to LLM generated language (Xu et al.,
2024). Other recent efforts to evaluate LLMs on
Faroese revolve mainly around the task of machine
translation (Scalvini and Debess, 2024; Scalvini
et al., 2025b,c; Debess et al., 2025). Findings in
this field have shown human assessment to be
essential still, as automatic metrics and existing
benchmarks are currently not suitable for evaluat-
ing Faroese in a nuanced manner. In general, there
is a lack of native quality benchmarks for Faroese.
Automatically translated or compiled and even fully
synthetic datasets do not reflect sufficient linguis-
tic and cultural knowledge, which is problematic,
when using these as benchmarks to drive further
development. In their study, (Mdller-Eberstein et al.,
2025) find that automatic evaluation using manually
curated datasets aligns better with actual human
evaluation than the setups using translated or syn-
thetic datasets.

An important consideration for this work is
Faroese’s sociolinguistic context: the language ex-
ists in a diglossic situation where formal written
standards, shaped by deliberate language plan-
ning and purification, diverge substantially from
everyday spoken varieties (Jacobsen, 2021). Our
benchmarks, derived from authoritative dictionar-
ies and corrected school essays, therefore evaluate
models’ understanding of this prescriptive, institu-
tionally sanctioned register - a limitation that also
represents their value as assessments of the codi-
fied standard that remains culturally significant.

Evaluating language competence in machines is
complex. Human language competence is holistic
and not inherently systematic, but language models
and quantitative evaluation need a structured ap-
proach. Structured tasks necessarily flatten natural
language into discrete, testable dimensions that
serve only as a proxy for real-world language com-
petence. Accepting this premise, and limited by the
data available, we set up three tasks that aim to
test complementary facets of linguistic knowledge
while remaining transparent about their inherent
limitations.

2.2. Leveraging Dictionaries

The low-resource situation of Faroese and lack
of native benchmarks naturally stem from data
scarcity in general, especially structured types of
data usually leveraged for evaluation. Developing
native, hand-crafted, quality datasets is a resource-
consuming task, which prompts the endeavour to
leverage any existing resources for novel, evalu-
ative purposes. Despite being a small language,
Faroese has had a rich tradition for lexicography, re-
sulting in a variety of mono- and bilingual dictionar-
ies created by linguists. For a small language with
limited digital resources as well as limited expert
capacity for creating benchmarks from scratch, hav-
ing these systematic, authoritative linguistic data is
valuable. For Danish, projects have successfully
transformed lexicographical resources into bench-
marks for language understanding for testing model
performance within e.g. synonymy, semantic as-
sociation, conceptual knowledge, and sentiment
analysis (Pedersen et al., 2024b), demonstrating
the value of dictionary-based evaluation. For this
experiment, we leverage the contents of two mono-
lingual, native dictionaries to create three new gold-
standard datasets for evaluation, see section 3.2.

2.3. Grammatical Correctness

Linguistic acceptability tests have been formalized
in several influential benchmarks. CoLA (Warstadt
et al., 2019) provides binary acceptability judg-
ments for English sentences from linguistics liter-
ature, while BLIMP (Warstadt et al., 2020) uses
minimal pair contrasts to isolate specific grammati-
cal phenomena. MeLA (Zhang et al., 2024) extends
this paradigm multilingually, evaluating acceptabil-
ity across typologically diverse languages. For
Scandinavian languages, Scala (Nielsen, 2023)
covers regional varieties, including Faroese. How-
ever, the Faroese component is based on histor-
ical biblical texts (Ingason et al., 2012), limiting
its utility for evaluating modern language. Recent
efforts have been made to compile minimal pair
datasets for evaluating linguistic skills in Faroese
in a BLIMP-like setup (Kunz et al., 2025). However,
sufficiently large manually annotated datasets for
assessing linguistic quality remain scarce. Such
benchmarks are critical in small-language contexts,
as demonstrated for Icelandic, where recent work
has developed comprehensive evaluation frame-
works to assess models’ linguistic quality across
multiple dimensions (Armannsson et al., 2025a,b).
For under-resourced languages like Faroese, es-
tablishing similar benchmarks becomes essential
not only for measuring model performance but also
for ensuring that language technologies support
rather than undermine the continued use and de-
velopment of the language in digital contexts.
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2.4. Semantics and Metaphors

Evaluating semantic relations and metaphor com-
prehension complements grammatical evaluation
by probing beyond the models’ surface level perfor-
mance. Our task selection is driven by the semantic
relations and metaphorical usage already tagged in
the dictionary data. Using lexicographic resources
and WordNets for evaluation has been a long stand-
ing practice in computational linguistics for special-
ized models, e.g. with SimLex and HyperLex (Hill
et al., 2015; Vuli¢ et al., 2017), and this type of
task proves to be relevant also for the newer all-
purpose LLMs. Evaluation of semantic relatedness
and metaphor understanding still presents chal-
lenges for LLMSs, as these tasks probe the depth of
conceptual and associative meaning beyond sur-
face similarity. Pedersen et al. (2024a) present a
semantic benchmark from the Danish WordNet and
other high-quality lexicographical resources with six
semantic tasks, and find the performance of the
best LLMs still leaving room for improvement.

Metaphor comprehension poses additional chal-
lenges, requiring models to recognize non-literal
word usage and understand conceptual mappings
between domains. Furthermore, metaphors can be
culturally specific in some instances, which adds
to the challenge. Using lexical data from resources
like WordNet (Mohammad et al., 2016) provides
structured semantic information, though such re-
sources alone cannot capture the full pragmatic and
contextual dimensions of metaphorical language.
A lot of work has focused on metaphor detection,
more so than on metaphor explanations, where
recent efforts have evaluated LLM-generated inter-
pretations of metaphorical expressions in Danish
(Pedersen et al., 2025).

3. Methods

3.1. Experimental Design

Our evaluation framework comprises three tasks
assessing different dimensions of semantic and lin-
guistic understanding in Faroese. The first tests
grammatical correctness through binary accept-
ability judgments. The second evaluates lexical
semantic relations in both binary and multi-class
settings. The third assesses metaphor comprehen-
sion through multiple-choice identification of correct
metaphorical explanations.

3.1.1. Grammatical Correctness

The first task is designed as a binary choice for
the correct sentence when presented with a min-
imal pair consisting of one correct and one incor-
rect sentence. Due to the nature of the data, this
task employs a paradigm of 'correct’ and ’incorrect’

according to orthographic and grammar conven-
tions. Therefore, it diverges from traditional linguis-
tic acceptability judgments, which typically evaluate
whether constructions are natural to native speak-
ers and are often designed to target specific syn-
tactic or morphological phenomena. Our approach
focuses on surface-level conformity to prescriptive
norms rather than gradient acceptability; we there-
fore adopt the term ‘grammatical correctness’. This
emphasis on observable rule conformity rather than
subtle nuances reflects our data-constrained envi-
ronment, though it remains informative for evaluat-
ing models’ grasp of fundamental Faroese gram-
mar.

3.1.2. Semantic Relations

The semantic task first employs a binary classifica-
tion paradigm where models must identify polarity
contrasts by distinguishing between semantically
related words and antonyms when presented with
a query word and two candidate options. Options
are randomized for each instance to mitigate posi-
tional bias, with models required to respond with
a single digit indicating their choice. Few-shot ex-
amples are provided to establish the task format,
with the prompt explicitly defining semantically re-
lated words as having "meaning similar to the query
word" and antonyms as having "opposite meaning
to the query word". Models were prompted to iden-
tify semantically related words and antonyms in
separate runs. We extend the semantic evaluation
through a multi-class format, where models are pro-
vided with a query word alongside multiple options
(3 words) that must be correctly classified as ei-
ther antonymous, semantically related, or random
outliers (Table 3).

3.1.3. Metaphorical Use Explanations

The third task shifts focus to figurative language
comprehension, presenting models with a target
word accompanied by an authentic example of its
metaphorical usage, followed by four potential ex-
planations or definitions of the metaphorical mean-
ing - one correct and three distractors. This task
specifically probes the model’s ability to interpret
non-literal semantic nuances and understand how
lexical items acquire contextual meanings that de-
viate from their conventional definitions. Models
must respond with a single letter (A-D), selecting
the most appropriate explanation for the metaphor-
ical usage within the given context. The task’s dif-
ficulty lies in discriminating between four seman-
tically similar alternatives rather than eliminating
obviously incorrect distractors.
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Sentence Pair Label

Eitt ting, hvat er so tad, rithevindurin vil hava framm vid ti? X incorrect
Eitt ting, hvat er so tad, rithevundurin vil hava fram vio t(? v correct
Stuttsegan er skriva i 3. persdni og i 6bundnum mdli... X incorrect
Stuttsegan er skrivad i 3. personi og i bundnum madli... v correct

Table 1: Sample from Grammatical Correctness
dataset.

3.2. Data and Dataset Construction

Faroese dictionaries have traditionally existed in
analog formats and, while digitized in recent years,
were primarily designed for user accessibility rather
than computational analysis.

As all the data for the benchmarks, including
dictionaries and error corpus, are created and cu-
rated by expert native speakers; we treat the data
as a gold standard to represent ‘ground truth’ for
Faroese. The datasets are available upon request.

3.2.1. Potential Training Data Overlap

The dictionaries exist online exclusively as search-
able interfaces rather than downloadable structured
datasets. Examination of the largest publicly avail-
able crawled Faroese corpus reveals no dictionary
content, and our exported files constitute the first
complete extraction of these resources from their
proprietary editing environment. To the best of our
knowledge, we assess the risk of model training
data contamination as minimal. We therefore con-
sider these data suitable for evaluation.

3.2.2. Grammatical Correctness

To evaluate grammatical correctness, we leverage
a parallel error corpus of manually corrected school
essays (Johannesen and Christiansen). The es-
says were collected for a thesis examining error
correction (Johannesen, 2024) . We extract all
incorrect sentences together with their corrected
version and get 6628 sentence pairs labelled either
‘correct’ or ‘incorrect’, see Table 1.

3.2.3. Semantic Relations

For this experiment, we leveraged two Faroese
dictionary sources:

* Foroysk orbabok (Faroese Dictionary)
(Poulsen et al., 1998), the largest Faroese
monolingual dictionary resource, descriptive
in nature, approx. 70.000 lemmas

* Foroysk samheitaordabok (Faroese Synonym
Dictionary) (Thomsen, 2000), the only Faroese
dictionary resource specifically focused on se-
mantic relations, approx. 50.000 entries

The content of Faroese Synonym Dictionary is
structured in the following way: for every entry
lemma, a list of semantically connected lemmas is
provided: synonyms, hyponyms, hypernyms, and
antonyms. In the dictionary, only the antonyms
are tagged as such explicitly, the other three are
categorized together without further labelling. All
lemmas are accompanied by semantically related
words (i.e. synonyms, hyponyms, or hypernyms),
but only a smaller number of lemmas are provided
with antonyms. Due to this structure in the source
data, we extracted all lemmas with antonyms and
built a dataset with two categories per lemma: a
semantically related word and an antonym (Table
2).

Type Faroese English
Lemma: kdlvakniggjadur, adj knock-kneed
Antonym: hjdlbeintur, adj bow-legged

Sem. related: fyljaryssukniggjadur, adj mare-legged

Table 2: Example lemma with antonym and seman-
tically related word.

Lemmas with multiple antonyms were included
multiple times, one entry per antonym, when suf-
ficient semantically related words were available.
For multi-class evaluation, we added five random
outlier words per lemma, extracted from entries
of the Faroese Dictionary with matching part-of-
speech. The pos-tag is included in the dataset. Re-
garding the selection of outliers, we utilized uniform
part-of-speech based sampling from the dictionary
to establish a foundational baseline for lexical dis-
crimination. We acknowledge that this approach
may not probe the ability to distinguish between
‘close neighbors’ — words with high semantic or
distributional similarity. However, given the lack of
pre-existing benchmarks for Faroese, this setup
serves as a first step in evaluating whether LLMs
possess a basic grasp of Faroese lexical seman-
tics before moving toward more adversarial, hard’
distractor tasks in future work.

Type Faroese English
Lemma: andvekur, n.  sleepless state
Antonym: svavnur, n. sleep

Sem. related: hdlvvekur, n.  half-awake state
Random: slatur, n. slaughter
Random: skdgarnam, n. timber line
Random: grasflingra, n.  small grass turf
Random: verjumadur, n. protector
Random: talugogn, n.  speech organ

Table 3: Example lemma with antonym, semanti-
cally related, and random word.
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3.2.4. Metaphorical Use Explanations

The Faroese Dictionary contains 624 lemmas
tagged to denote metaphorical use, though this
tagging has not been applied consistently. Only a
subset of these entries includes both an authen-
tic example of metaphorical usage and an accom-
panying explanation or definition. Extracting this
subset yielded a curated dataset of 457 lemmas,
each with a contextual example and explanation
that serves as the ground truth in our evaluation
setup. Examples and explanations vary in length
from a few words to long sentences. The distrac-
tor explanations are sampled exclusively from ex-
planations belonging to other target words in the
same dataset based on semantic similarity. Specif-
ically, we conducted a pairwise similarity analysis
(208,846 comparisons) to identify explanations with
high semantic similarity to the correct one, using
Multilingual-E5-Large embeddings (Wang et al.,
2024), a model that has previously proven effec-
tive in measuring semantic similarity for Faroese
(Scalvini et al., 2025c). We applied a similarity cut-
off threshold of 0.9 to ensure that distractors are
sufficiently similar to challenge the models without
being so identical that they essentially duplicate
the correct answer. Our iterative qualitative review
showed that candidates exceeding this threshold
often functioned as semantic equivalents to the
gold explanation, which would have compromised
the ’single correct answer’ protocol. On average,
this resulted in 14 candidate distractor explanations
per lemma being rejected for exceeding our simi-
larity ceiling. Consequently, for each lemma, we
selected the three highest-scoring candidates sit-
ting immediately below this 0.90 threshold. This
resulted in a distractor set with a high mean similar-
ity of 0.89, ensuring that the options challenge the
model’s nuanced understanding without introduc-
ing ambiguity. By sourcing distractors from within
the same dataset, the procedure ensures stylistic
uniformity across all options, eliminating the risk
of artefacts and models exploiting stylistic cues to
distinguish correct answers from out-of-dataset dis-
tractors. Sample from the dataset is seen in Figure
1.

3.3. Evaluation Setup

3.3.1. Prompting Strategy and Experimental

Constraints

We only consider LLMs in this study, and we adapt
them to the task by employing a few and zero-shot
setting. However, given the small data volume, we
prioritized the integrity and size of the test set over
a traditional train/dev/test split. Splitting the data
would have compromised statistical validity further.
To mitigate the risk of implicit optimization on this

Lemma: botnkav

Example: gera botnkav (make a dive to the bottom)

Explanation choices:

a) X fyri ongum, sum eingin dugur longur er i
(for nothing, of no use anymore)

b) X um eitthvert ella einhvenn sum dmakar ella
tarnar einhvenn
(about something or someone that bothers or prevents some-
one)

c) v hvarva og siggjast ikki aftur eina tid; um ein-
hvenn id ikki heldur tad hann hevur lovad
(to disappear and not be seen again for a while; someone who
doesn’t keep promises)

d) X sagt vid einhvenn id brikar seg og ikki kann
tiga

(said to someone who is nagging and cannot be quiet)

Lemma: drekka
Example: bdturin drekkur (the boat is drinking)
Explanation choices:
a) X upp undir vangarnar til skiftis
(up under the cheeks alternately)
b) X bregda teymin um agnhaldid
(tie strands over the bait handle)
c) X ger seg til at stanga
(prepares to stab)

d) v tekur sjogv inn um stokkin
(takes in water over the gunwale)

Figure 1: Examples from Metaphorical Explanation
dataset

single split, we employed a ’frozen’ hyperparameter
configuration across all experiments. This included
a fixed temperature threshold to ensure determin-
istic outputs and a standardized prompt template
for all models. This protocol establishes a stable
baseline for zero- and few-shot evaluation in a low-
resource context where a separate development
set is currently unavailable.

The prompts present the overall task, explaining
the input format, asking for output in a particular
format, depending on the task. The task in gram-
matical correctness and the binary and multi-class
tasks within semantic relation classification were
prompted in a few-shot fashion (3-6 examples, se-
lected based on lexicographical representativeness
rather than performance-based tuning). For the
metaphor explanation task, we used a zero-shot
setting. All prompts were kept identical in content
across models, but format styles were changed
to adhere to the various model architectures. For
the multi-class semantic task, we prompted both in
English and in Faroese, to compare performance
based on prompting language. All prompts can be
found in Appendices.
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3.3.2. Metrics

The primary evaluation metric for all tasks is ac-
curacy. We also account for position bias when
relevant, and for the multi-class task we present
the F1 score. To account for dataset size and po-
tential sampling noise, we report 95% confidence
intervals for all accuracy scores using the Wilson
score method for binomial proportions.

3.3.3. Model Selection

The selection of models for evaluation focused
on getting a diverse suite of models with variety
in multilingual capability, architectural setup, size,
propriety, and licenses. Large-scale models such
as Gemini-2.0-Flash (Google DeepMind, 2025a),
GPT-40 (OpenAl, 2024), GPT-5 (OpenAl, 2025),
and Claude-Sonnet-4 (Anthropic, 2025) were in-
cluded due to their previously demonstrated strong
performance in Faroese on other tasks (Scalvini
et al., 2025b), and being popular user choices.
Evaluating two models from OpenAl, GPT-40 and
GPT-5, is motivated by investigating if there is
a development in performance in understanding
Faroese with newer models, as a slightly lower
performance in Faroese generation for GPT-5 com-
pared to GPT-40 has been observed in other stud-
ies (Scalvini et al., 2025a). The models in the
smaller-to-medium parameter range, Gemma3-
4B (Google DeepMind, 2025b) and Llama-3.2-3B
(Meta Al, 2024), represent a practical sweet spot for
deployment in resource-constrained environments
while maintaining meaningful capabilities. The in-
clusion of specialized Nordic language model GPT-
SW3-6.7b (Ekgren et al., 2024) reflects the impor-
tance of evaluating models with specific regional
language exposure, as typological relevance have
been found to positively impact transfer learning
(Scalvini and Debess, 2024).

3.3.4. Human baseline

To establish a baseline performance measure, we
asked human annotators to perform the two most
challenging tasks: multi-class semantic relations
and metaphor explanation. To keep the human
evaluation task feasible for the pool of participants,
we sampled 126 entries (11%) from the semantic
relations multi-class dataset and 100 entries (22%)
from the metaphor explanation dataset. The an-
notator group comprised both linguistically trained
individuals and native speakers with general lan-
guage proficiency. As native speakers, they were
instructed in Faroese.

4. Results

In general, the benchmarks prove effective and
together they provide an overall picture of how well
the selected models understand Faroese language
within the various domains. For all tasks, we see
a clear division in performance between the larger
proprietary models and the smaller open models.
This is to be expected, as the proprietary models
are larger, have larger training corpora and have
overall higher ability to handle complex linguistic
tasks.

4.1. Grammatical Correctness

For grammatical correctness in Table 4, the models
exhibit a clear tiered performance structure, cluster-
ing into groups based on their accuracy scores and
confidence intervals. GPT-5 and GPT-40 demon-
strate strong grammatical competence with high ac-
curacy scores, while Gemini-2.0-Flash and Claude-
4-Sonnet achieve somewhat lower but still robust
performance. Gemma-3-4b-it exhibits modest ca-
pabilities above baseline, whereas Llama-3.2-3b
and GPT-SW3-6.7b-v2-instruct hover near random
baseline.

4.2. Semantic Relations

Results from the binary semantic relations tasks
are seen in Table 4, yielding performance pat-
terns broadly consistent with the grammatical task.
Gemini-2.0-Flash and GPT-5 perform with the high-
est accuracy, while Llama-3.2-3b and GPT-SW3-
6.7b-v2-instruct perform slightly above or even be-
low random baseline. The worse performing mod-
els have heavy positional biases, which explains
the lower than random performance. All models
perform slightly better when identifying antonyms
rather than semantically related words, which could
indicate the clearer nature of what constitutes an
antonym versus the more muddy term of semantic
relatedness.

Turning to the multi-class semantic task, results
for both prompting languages can be found in Ta-
ble 5. We observe approximately the same ranking
pattern between the models as for the prior seman-
tic task, but the accuracy is lower across the board,
probably reflecting the more challenging nature of
a multi-class task rather than a binary classifica-
tion task. The models from OpenAl take the top
rankings for both prompt languages, and interest-
ingly, we see that the top performing models have
a higher score when prompted in Faroese. The
numbers for the highest performing model, GPT-5,
show no overlap in confidence interval between
the prompting languages. The lower performing
models, especially Llama-3.2-3b and GPT-SW3-
6.7b-v2-instruct, achieve a much lower score with
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Model Grammatical Correctness Semantic Relation Antonym

Overall (%) Pos. Bias Overall (%) Pos. Bias Overall (%) Pos. Bias

GPT-5 90.92 0.7 -2.46 89.12 +1.8 +8.61 94.25 +1.4 +1.58
GPT-40 90.28 0.7 -4.66 86.83 2.0 -5.95 90.89 +1.7 -9.85
Gemini-2.0-Flash 83.77 0.9 +16.87 90.27 +1.7 -1.47 92.40 215 +4.50
Claude-Sonnet-4 82.55 10.9 +4.23 85.41 2.1 +2.64 85.41 221 +4.80
Gemma-3-4b-it 62.16 1.2 +10.91 57.03 2.9 +46.07 57.91 29 +10.33
Llama-3.2-3b-Instruct 51.33 1.2 +6.11 50.31 +2.9 -94.03 52.79 2.9 +73.05
GPT-SW3-6.7b-v2-instruct  49.95 +1.2 -6.27 47.66 2.9 -82.27 50.13 z2.9 -90.10

Table 4: Binary classification task performance across Grammatical Correctness (n=6628), Semantic
Relatedness (n=1131), and Antonym (n=1131) tasks. Each block shows overall accuracy with confidence
interval and positional bias (- indicates bias towards position 1, + indicates bias towards position 2).
Random baseline: 50.0%.

Model Overall Acc. (%) F1 (Pr-EN) F1 (Pr-FO) Invalid (%)
Pr-EN Pr-FO Ant. Sem. Out. Ant. Sem. Out. Pr-EN Pr-FO
GPT-5 81.5:23 85.9+20 087 083 082 090 0.85 083 6.13 0.21
GPT-40 80.1 23 82.8:22 0.81 080 0.80 0.86 0.82 0.81 0.15 0.12
Gemini-2.0-Flash 78.9:24 799:23 081 0.78 0.78 0.82 0.79 0.79 0.03 0.09
Claude-Sonnet-4 724 26 729326 0.73 073 0.71 0.75 0.72 0.71 0.03 0.15
Gemma-3-4b-it 442 129 41.1:29 0.06 050 055 0.33 0.37 051 0.09 024

Llama-3.2-3b-Instruct 38.6 :28 26.4:26 0.08 0.48 041 031 034 026 097 27.82
GPT-SW3-6.7b-v2-instr. 29.8 2.7 21.8:24 0.13 042 0.31 0.22 0.31 0.27 13.09 38.20

Human — 90.5 51 — — — 093 0.87 092 — 0.00

Table 5: Comparison of model performance on the Semantic Relations multi-class task in different
prompting languages: English (Pr-EN) and Faroese (Pr-FO). Random baseline: 33.3%, n=1131.

no overlap in confidence interval, when promptedin ~ ference is not statistically conclusive at the 95%
Faroese. This lower performance can be explained  level.

by the larger percentage of invalidly formatted out-

put. It seems that getting instructions in Faroese 4.3, Metaphorical Use Explanations
makes the smaller models struggle with actually
solving the task in the accepted format, indicating

fundamental challenges in instruction following that Model Accuracy (%)
severely limit their practical utility for low-resource GPT-5 88.4 29
language tasks. On the other hand, it seems that GPT-40 81.8 135
getting instructions in Faroese is beneficial for the Claude-Sonnet-4 79.0 3.7
higher performing models. The Faroese instruc- Gemini-2.0-Flash 749 140
tions might serve as extra context for those models. Gemma-3-4b-it 40.0 145
The 6.13% invalid output from GPT-5 with English GPT-SW3-6.7b-v2-instruct 30.2 442
prompting is noteworthy, as this model otherwise Llama-3.2-3b-Instruct 28.2 141
demonstrates superior performance across all met-

rics. This pattern suggests that GPT-5’s enhanced Human 91.0 s57

reasoning capabilities may lead it to provide more
elaborate or nuanced responses that deviate from  Table 6: Model Performance on Metaphor Expla-
the strict output format requirements, prioritizing ~ hation Task with Semantically Similar Choices,
explanatory depth over format compliance. Results ~ cut-off at 0.9. Random baseline: 25%, n=457.

from human evaluation on the subset of the se-
mantic multi-class task show an overall accuracy
of 90.5%, slightly exceeding the score of the high-
est performing model. However, the confidence
intervals of the human evaluation and GPT-5 with
Faroese prompting overlap, indicating that the dif-

The metaphor explanation task reveals a sim-
ilar performance hierarchy to previous tasks in
Table 6. The performance gap between larger
and smaller models is evident on this task. While
Gemma-3-4b-it achieves a meaningful improve-
ment over baseline - both Llama-3.2-3b and GPT-
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SW3-6.7b-v2-instruct barely exceed random base-
line. The confidence intervals are comparatively
wide, indicating greater uncertainty in the estimates
and substantial overlap among the top-performing
models. While a clear separation exists between
high- and low-performing tiers, most differences
within tiers are not statistically relevant accord-
ing to 95% confidence intervals. The exception
is GPT-5, which performs significantly better than
the other high-performing models, as indicated by
non-overlapping confidence intervals.

For human evaluation, the metaphor explanation
task yielded a 91% accuracy score. Human per-
formance thus surpasses that of all models tested
on the same task, with the best-performing model,
GPT-5, reaching 88.4% accuracy. However, due to
low sample volume, the performance is not statisti-
cally significant.

5. Discussion

5.1.

The evaluation reveals consistent performance pat-
terns across all tasks, with model rankings and
accuracy scores remaining largely stable. This
stability suggests that the underlying capabilities
for semantic and linguistic understanding general-
ize across different types of meaning-related chal-
lenges. The proprietary models consistently outper-
form smaller open models across all benchmarks.
Conversely, the smaller models struggle to exceed
baseline performance, particularly on the metaphor-
ical explanation task. The impact of prompting lan-
guage is worth noting: top-performing models ben-
efit from Faroese prompts, while smaller models
experience substantial performance degradation.
When we compare the models against human an-
notators on a subsets of the semantic multi-class
and metaphor explanation tasks, the results indi-
cate that current model performance, despite being
competitive in many respects, has not yet reached
the level of accuracy and nuanced understanding
demonstrated by human participants in this experi-
ment.

Performance Patterns

5.2. Methodological and Resource
Contributions

This work represents the first attempt to construct
native Faroese benchmarks for semantic and lin-
guistic evaluation by systematically leveraging ex-
isting lexicographic resources. The methodology
demonstrates that traditional dictionaries and er-
ror corpora, when computationally restructured,
can serve as robust foundations for language tech-
nology evaluation without requiring extensive new
data collection efforts and human resources. Fur-
thermore, this approach is replicable: other low-

resource languages with comparable dictionary re-
sources could adopt similar strategies to develop
native benchmarks tailored to their linguistic char-
acteristics. By establishing this proof of concept,
we provide a practical pathway for expanding evalu-
ation capabilities beyond high-resource languages,
enabling more equitable and linguistically grounded
assessment of language models across diverse lin-
guistic contexts. Another contribution of this work
lies in making Faroese dictionary resources com-
putationally accessible. Through collaboration with
stakeholders, these materials are now available in
machine-readable formats, establishing infrastruc-
ture for future research and applications beyond
benchmark evaluation.

The grammatical correctness benchmark is
highly applicable in a real-world setting, where
Faroese currently struggles to develop high-quality
spelling and grammar checkers, a task made more
difficult by the language’s rich inflectional morphol-
ogy. The binary task of classifying correct vs. incor-
rect only in terms of spelling and grammar is rela-
tively simple for an LLM, not even having to account
for native acceptability in fluency, but for smaller,
specialized models for spelling and grammar check-
ing, this benchmark can be pivotal for development.
The size of our dataset is non-comparable to other
datasets of the same type. However, its value lies in
being the only available native Faroese resource for
systematic evaluation of grammatical competence,
filling a critical gap in the development pipeline for
Faroese language technology. Moreover, these
benchmarks can be seen as a starting point for
future expansion, involving possibly manual edits
and additions by Faroese native speakers.

5.3. Sociolinguistic Considerations

The nature of the data introduces both constraints
and insights. Using lexical items without context is
a somewhat unnatural way of using language, and
can explain why some models perform badly. On
the other hand, some models perform surprisingly
well classifying semantic relationships with no con-
text. This result also shows that the models most
likely rely on other mechanisms to solve tasks like
these. In the metaphorical explanation task, more
context is given, which is necessary for classifying
the more abstract linguistic dimension of figurative
or metaphorical language.

Dictionaries represent formal, standardized lan-
guage rather than contemporary usage - a distinc-
tion particularly relevant for Faroese. Similarly, our
error corpus, derived from corrected school essays,
reflects institutionally sanctioned norms of linguistic
correctness rather than naturalistic language vari-
ation. Since the 19th century, intensive language
planning has produced deliberate standardization
and purification from Danish influence, creating a
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diglossia between the formal written standard cap-
tured in dictionaries and error corpora and everyday
spoken varieties (Jacobsen, 2021). Benchmarks
constructed from dictionary resources and error
corpora therefore evaluate whether models under-
stand this official, standardized register rather than
colloquial modern Faroese. This creates a potential
mismatch: while LLMs are predominantly trained
on recent web-based materials reflecting contempo-
rary language use, our evaluation data draws from
older, prescriptively curated sources. The value of
our benchmarks lies precisely in their native, expert-
curated authenticity and their representation of the
codified standard that remains culturally and institu-
tionally significant. However, this also means they
may not fully capture the linguistic reality of modern
Faroese speakers or align closely with the types
of language data models encounter during training.
This gap warrants consideration when interpreting
model performance and highlights broader ques-
tions about what constitutes appropriate evaluation
targets for languages undergoing active standard-
ization.

5.4. Future Work

Several key extensions would strengthen these
benchmarks. First, annotating the grammatical
correctness dataset with specific error categories
would allow fine-grained analysis of which grammat-
ical phenomena models find most challenging, po-
tentially revealing systematic patterns in their under-
standing of Faroese-specific linguistic structures.
Second, incorporating sentential context from cor-
pora into the semantic relation tasks would enable
evaluation under more naturalistic conditions, re-
vealing whether models’ semantic understanding
depends critically on contextual cues. Third, in-
cluding the literal meaning of metaphorically used
words would expand the extent to which we are ac-
tually evaluating metaphor understanding. Fourth,
the benchmark could be extended to cover collo-
quial or spoken language by leveraging transcripts
from recordings. Finally, if the benchmark were
extended to cover evaluation with other model ar-
chitectures than LLMs, a training/validation split
would be created.

6. Conclusion

This study introduces the first native Faroese bench-
marks for evaluating grammatical competence and
semantic understanding in language models by
systematically repurposing lexicographic resources
and error corpora. Our evaluation across three
tasks - grammatical correctness, semantic rela-
tions, and metaphorical comprehension, - reveals
consistent performance patterns: proprietary mod-

els achieve strong results across all benchmarks,
while smaller open models struggle to exceed
baseline performance. Beyond benchmark results,
this work establishes a replicable methodology for
low-resource language evaluation and contributes
machine-readable Faroese dictionary resources for
future computational applications. However, our re-
liance on dictionary data means these benchmarks
evaluate formal, standardized Faroese shaped by
prescriptive language planning rather than contem-
porary colloquial usage, raising important ques-
tions about linguistic representativeness and the
alignment between evaluation targets and modern
training data.

7. Limitations

The paper has several limitations to be addressed.
First, the relatively small size of our datasets lim-
its the statistical power of our evaluation and may
not capture the full range of linguistic phenomena
within each category.

Second, the benchmarks evaluate understanding
of standardized Faroese rather than colloquial us-
age, potentially creating a mismatch with the con-
temporary web-based language on which LLMs are
typically trained.

Third, task design imposes limitations in e.g. lack of
contextual information and setting up artificial task
constraints. The semantic relation tasks present
lexical items without sentential or discourse context,
an unnatural condition for language use. While this
enables controlled evaluation of lexical knowledge,
it may disadvantage models that rely on contextual
cues for semantic processing and may not reflect
performance in authentic language contexts. The
binary and multiple-choice formats impose artifi-
cial constraints that do not reflect natural language
processing. These forced-choice paradigms, while
enabling systematic evaluation, may favor classi-
fication over generation capabilities and may not
capture the full complexity of semantic and gram-
matical knowledge in spontaneous language use.
Furthermore, the current benchmark uses uniformly
sampled outliers for the semantic multi-class task.
As Faroese computational resources evolve, future
iterations of this benchmark should move toward
more adversarial outlier selection and more granu-
lar semantic labeling.

Fourth, a limitation of this study is the lack of a sep-
arate development split, which introduces a theoret-
ical risk of implicit optimization during prompt selec-
tion. While this is less of a concern for the closed-
source models evaluated here, we acknowledge
that it deviates from standard protocols. For fu-
ture work involving smaller, tunable models on this
benchmark, we recommend using cross-validation
to ensure robustness.
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8. Ethical considerations

Language vitality and digital inclusion Ac-
cessible language technology across diverse lan-
guages is essential to sustaining linguistic variety
and supporting language vitality in the digital era.
Evaluation benchmarks serve as a critical founda-
tion for developing models and tools for small lan-
guages: without robust assessment frameworks,
progress in language technology remains unmea-
surable and unsystematic. By creating evalua-
tion resources for Faroese, this work addresses
the technological gap faced by speakers of under-
resourced languages, an increasingly important
societal issue.

Data representativeness As mentioned in the
Discussion, diglossia between formal and colloquial
Faroese means our benchmarks may not be fully
representative of everyday language use. Never-
theless, evaluation resources grounded in native,
expert-curated Faroese materials provide more ap-
propriate assessment than relying on translations
from other languages or lacking benchmarks en-
tirely.

Licensing and Benchmark Integrity All origi-
nal resources used in this project are copyrighted
and were acquired with explicit consent from the
copyright holders. The curated datasets will be re-
leased under appropriate licenses that respect the
original work. This licensing approach also helps
mitigate benchmark contamination concerns, an
increasingly important issue because of models be-
ing trained on ever-larger portions of publicly avail-
able web data, including evaluation benchmarks,
which can lead to memorization rather than genuine
demonstration of understanding.
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Foroysk

11. Appendices

11.1. Prompts

You are asked to perform a semantic relation task. You are given a
query word, with a semantically related word and an antonym in random
order.

- The semantically related word has a meaning similar to the query.
- The antonym has an opposite meaning to the query.

Your task: Identify the semantically related word.
Below are some examples:

{fewshot_prompt}
1Query word: {word}

1. {options[0]}

2. {options[1]}

Which of the two is the semantically related word of the query word?
Respond ONLY with the number 1 or 2. No explanation. Just the digit.

Figure 2: Standard prompt for binary semantic re-
lation task
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You are asked to perform a semantic relation task. You are given a
query word, with a semantically related word and an antonym in random
order.

— The semantically related word has a meaning similar to the query.
- The antonym has an opposite meaning to the query.

Your task: Identify the antonym.
Below are some examples:
{fewshot_prompt}

Query word: {word}

1. {options[0]}

2. {options[1]}

Which of the two is the semantically related word of the query word?
Respond ONLY with the number 1 or 2. No explanation. Just the digit.

Figure 3: Standard prompt for binary antonym task

You are evaluating semantic relationships in Faroese.
Target word: {item.target_word} (part of speech: {item.pos})

For each of the following words, classify its semantic relationship to
the target word as exactly one of:

— "antonym" (opposite meaning)

- "semrel" (semantically related - similar meaning, same category, etc.)
- "outlier™ (unrelated/random word)

Words to classify:

for i, ¢ in enumerate(item.choices, 1):
prompt += f"{i}. {c['word']}\n"

prompt += """\nProvide your answer in this exact format:
1. [word]: [relationship]

2. [word]: [relationship]

Example format:
1. djarvur: antonym

2. dapurskygdur: semrel
3. skadaleysur: outlier

Your classifications:

Figure 4: Standard English prompt for multi-class
semantic task

TG metir um merkingarlig sambond i feroyskum.

Hovudsord: (item.target_word} (ordaflokkur: {item.pos})

Fyri hvert av hesum ordum, flokka merkingaliga samband tess til hovudsordid sum just
eitt av hesum:

- "andheiti" (motsett merking)

- "merksam" (merkingarligt samband (liknandi merking, sami bélkur, undirheiti, o.s.fr.)
- "tilvild" (einki samband/tilvildarligt ord)

oré at flokka:

for i, c in enumerate(item.choices, 1):
prompt += f"{i}. {c['word']}\n"

prompt += """\nGev titt svar eftir jGst hesum frymli:
1. [ord]: [samband]
2. [ord]: [samband]

Demi um frymil:

1. djarvur: andheiti

2. dapurskygdur: merksam
3. skadaleysur: tilvild

Tinar flokkingar:

Figure 5: Standard Faroese prompt for multi-class
semantic task

Read the sentence below and choose the correct explanation of
the metaphorical use of the word “{lemma}”. '

'Answer with a single letter: {", ".join(letters)}.\n\n'

'Sentence: {example}\n\n{lettered}'

Figure 6: Standard prompt for metafor explanation
task

4526



	Introduction
	Background and Related Work
	Evaluation and Faroese
	Leveraging Dictionaries
	Grammatical Correctness
	Semantics and Metaphors

	Methods
	Experimental Design
	Grammatical Correctness
	Semantic Relations
	Metaphorical Use Explanations

	Data and Dataset Construction
	Potential Training Data Overlap
	Grammatical Correctness
	Semantic Relations
	Metaphorical Use Explanations

	Evaluation Setup
	Prompting Strategy and Experimental Constraints
	Metrics
	Model Selection
	Human baseline


	Results
	Grammatical Correctness
	Semantic Relations
	Metaphorical Use Explanations

	Discussion
	Performance Patterns
	Methodological and Resource Contributions
	Sociolinguistic Considerations
	Future Work

	Conclusion
	Limitations
	Ethical considerations
	Bibliographical References
	Language Resource References
	Appendices
	Prompts


