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Abstract
Multilingual large language models (LLMs) often exhibit emergent ‘shadow’ capabilities in languages without official
support, yet their performance on these languages remains uneven and under-measured. This is particularly acute
for morphosyntactically rich minority languages such as Scottish Gaelic, where translation benchmarks fail to capture
structural competence. We introduce GaelEval, the first multi-dimensional benchmark for Gaelic, comprising: (i) an
expert-authored morphosyntactic MCQA task; (ii) a culturally grounded translation benchmark and (jii) a large-scale
cultural knowledge Q&A task. Evaluating 19 LLMs against a fluent-speaker human baseline (n = 30), we find that Gem-
ini 3 Pro Preview achieves 83.3% accuracy on the linguistic task, surpassing the human baseline (78.1%). Proprietary
models consistently outperform open-weight systems, and in-language (Gaelic) prompting yields a small but stable
advantage (+2.4%). On the cultural task, leading models exceed 90% accuracy, though most systems perform worse
under Gaelic prompting and absolute scores are inflated relative to the manual benchmark. Overall, GaelEval reveals
that frontier models achieve above-human performance on several dimensions of Gaelic grammar, demonstrates
the effect of Gaelic prompting and shows a consistent performance gap favouring proprietary over open-weight models.

Keywords: benchmarking, multilingual evaluation, large language models, morphologically rich languages,
Scottish Gaelic

1. Introduction processing the world’s cultural-linguistic mosaic
through an Anglocentric lens. Without objective
Although most large language models (LLMs) offi-  measurement, academics and language commu-
cially support a small fraction of the approximately nities alike cannot determine if an LLM should be
7,000 human languages spoken worldwide, they  explored or eschewed.
display emergent ‘shadow’ capacities in many more. Scottish Gaelic (‘Gaelic’) epitomises these chal-
For instance, OpenAl advertises support for 59 |enges. Ranking 104th in Common Crawl acces-
languages in ChatGPT," none of which belong to  sibility,2 Gaelic occupies the digital margins, yet it
the Celtic family (e.g. Irish, Welsh and Scottish  possesses a rich morphosyntax that defies the only
Gaelic). Despite this, the system processes and  penchmarks available for it: the surface-level trans-
generates text in every Celtic language. The dis-  |ation based FLORES-200 (Goyal et al., 2022) and
tinction between official and de facto support raises  BritEval (BritLLM, 2026). These benchmarks do not
a methodological challenge: as coverage expands  capture whether a model is truly ‘Gaelic-conversant’
and model varieties diversify, establishing robust  or merely performing a high-dimensional transla-
evaluation frameworks becomes crucial for both  tion of English concepts.
official languages and the minority languages they To address this gap, we present GaelEval: a
nevertheless represent. targeted, multi-dimensional evaluation suite that
The current evaluation landscape is markedly  moves beyond surface equivalence toward deeper
skewed. High-resource languages like English  morphosyntactic and culturally grounded compe-

benefit from a self-reinforcing ecosystem of train-  tence. Our framework includes three distinct tasks:
ing corpora and mature benchmarks. In contrast,

low-resource languages suffer from sparse training 1. Linguistic Competence: A multiple-choice
data (Joshi et al., 2020) and little or no evaluation question answering (MCQA) task comprising
resources (Romanou et al., 2024). Even where 120:quest|or.13.and probmg fine-grained gram-
benchmarks exist, they rarely include human base- matical and idiomatic usage.

lines (Assadi et al., 2025), making it impossible to )
ascertain whether a model’s output follows a given
community’s sociolinguistic norms or not. Further-
more, the English-dominance of these models risks

. Translation: A rigorous assessment us-
ing BLEU and cHRF metrics against hand-
translated gold labels.

thtps://commoncrawl.github.io/cc—cra
wl-statistics/plots/languages. Accessed 21
Feb 2026.

"https://help.openai.com/en/articles/
8357869-how-to-change-your-language-set
ting-in-chatgpt. Accessed 22 Feb 2026.
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3. Cultural Understanding: A culturally
grounded Q&A task (1,087 questions) derived
from pedagogical content produced by fluent
speakers.

We evaluate 19 contemporary LLMs (14 propri-
etary; 5 open-weight), providing the first system-
atic comparison of LLM performance for Scottish
Gaelic. Gemini 3 Pro Preview leads overall and sur-
passes the fluent-speaker baseline on the linguistic
competence task.

Our principal contributions are:

GaelEval, the first multi-dimensional bench-
mark for Scottish Gaelic, spanning morphosyn-
tax, translation and culturally grounded knowl-
edge;

the first human baseline for Gaelic LLM evalu-
ation (n = 30);

evidence that Gemini 3 Pro Preview exceeds
the fluent-speaker mean on a controlled mor-
phosyntactic task;

a consistent aggregate advantage for in-
language (Gaelic) prompting for the mor-
phosyntactic task; and

quantification of the performance gap between
frontier proprietary and open-weight models in
a minority-language setting.

In what follows, we review related work (§2), de-
scribe our design and evaluation methodology (§3),
present empirical results (§4) and conclude, with
proposed directions for future work (§5).

2. Related Work

Multilingual LLM Evaluation Frameworks
Large-scale multilingual benchmarks are central
to evaluating LLM capabilities across languages.
MMLU (Hendrycks et al., 2020) introduced a widely
used multiple-choice framework for knowledge-
intensive reasoning in English. Global MMLU
(Singh et al., 2025) extended this paradigm cross-
lingually, largely via translation of English-source
materials. FLORES-200 (Goyal et al., 2022;
NLLB Team et al., 2024) expanded coverage to
200+ languages, including Gaelic, but evaluates
only machine translation (MT). BritEval (BritLLM,
2026) consists of 3 major English benchmarks
translated into 4 languages from Britain and Ireland,
including Gaelic. XTREME-UP (Ruder et al., 2023)
incorporates additional low-resource tasks (e.g.,
transliteration, OCR), while INCLUDE (Romanou
et al., 2024) departs from translation-based design
by constructing question answering benchmarks
from native regional exam materials.
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Many multilingual benchmarks rely heavily on
translation or adaptation from English-centric
datasets. While valuable, this approach under-
represents language-specific morphosyntax, cul-
turally grounded knowledge, and idiomatic usages
that resist direct translation (e.g. that the colour
of grass in Gaelic is gorm ‘lit. blue’, not uaine
‘lit. green’). For morphologically rich languages
such as Gaelic, translation-based evaluation also
is unlikely to capture fine-grained inflectional con-
trasts or edge cases that distinguish structural com-
petence from superficial word recognition. To our
knowledge, beyond BritEval, FLORES-200 and re-
lated benchmarks (e.g., SIB-200; Adelani et al.,
2024), no large-scale Gaelic evaluation suite ex-
ists.

Low-Resource and Morphologically Rich Lan-
guage Evaluation Recent work addresses the
challenges of evaluating LLMs on low-resource
and morphologically complex languages, including
tokenisation and pattern extrapolation (Xia et al.,
2025). IndicGenBench (Singh et al., 2024) cov-
ers 29 Indic languages using human-curated par-
allel data; AfriQA (Ogundepo et al., 2023) intro-
duces question answering for African languages;
and TurkBench (Toraman et al., 2026) evaluates
Turkish across 21 subtasks. Xia et al. (2025) fur-
ther propose a cross-lingual benchmark spanning
Cantonese, Japanese and Turkish, combining hu-
man evaluation with automated metrics across di-
verse tasks. Irish-BLiMP evaluates LLMs on Irish
linguistic knowledge using 1020 minimal pairs and
provides a human baseline (McGiff et al., 2025).
Collectively, these efforts highlight the need to eval-
uate LLMs on morphologically rich, low-resource
languages. We extend this line of work by directly
assessing model competence in Gaelic morphosyn-
tax and non-compositional usage.

Culturally and Linguistically Informed Evalu-
ation A growing literature argues that linguistic
competence cannot be evaluated independently
from cultural knowledge. Tao et al. (2024) doc-
ument systematic bias toward English-speaking
contexts in ostensibly multilingual LLMs. Relat-
edly, multilingual models have been shown to pro-
cess non-English inputs through English-dominant
representational pathways (Papadimitriou et al.,
2023; Wendler et al., 2024), raising concerns about
whether these systems encode language-specific
structures or just rely on Anglocentric priors.
Recent benchmarks increasingly integrate cul-
tural and linguistic evaluation. For example, Prover-
bEval (Azime et al., 2025) assesses Ethiopian lan-
guages (and English) through proverb interpreta-
tion, requiring both morphosyntactic competence
and culturally grounded reasoning. Knowledge-



grounded benchmarks similarly test community-
specific factual knowledge in domains such as
food, holidays and social practices (Myung et al.,
2025). Importantly, Myung et al. (2025) show that
in-language prompting benefits medium- and high-
resource languages, whereas low-resource lan-
guages often perform better under English prompt-
ing. This resource-sensitive pattern motivates our
evaluation under both English and Gaelic prompt
conditions to test whether similar asymmetries arise
for Gaelic.

LLM-Assisted Benchmark Construction LLM-
assisted benchmark generation offers a practi-
cal solution when human-curated datasets are
scarce (Perez et al., 2023; Anwar et al., 2026).
Prior work has used LLMs to extract cultural knowl-
edge from large corpora such as C4 (Nguyen et al.,
2023) and TikTok (Shi et al., 2024), derive cultur-
ally grounded Q&A from web scrapes (Wang et al.,
2024) and Wikipedia (Fung et al., 2024), and gen-
erate multilingual evaluation data across 13 lan-
guages (Zhao et al., 2025). Although LLMs typically
perform worse on low-resource languages, raising
concerns about synthetic benchmark quality, man-
ual analysis of 10,000 generated instructions in 13
Indic languages found over 99.7% to be of high or
moderate quality (Chitale et al., 2025).

In our setting, automated generation was re-
quired for scale. To reduce associated risks, we ap-
plied structured filtering and answerability scoring
(§3.1.3), discarding items below predefined thresh-
olds. While not a substitute for native-speaker vali-
dation, this procedure provides a systematic safe-
guard against noise and incoherence.

3. Benchmark Design and Evaluation
Methods

In this section, we describe the design of GaelEval
and our evaluation methods. Unlike translation-
based frameworks such as FLORES-200, GaelE-
val integrates an expert-designed morphosyntactic
MCQA task with culturally grounded Gaelic-source
texts for translation and Q&A evaluation.

3.1. Tasks

3.1.1. Linguistic Competence

We define linguistic competence as the ability to
select grammatically and idiomatically appropriate
forms in controlled morphosyntactic contexts. The
120-item MCQ set was designed by a Gaelic do-
main expert, who used a recent grammar (Lamb,
2024) to identify grammatical edge cases (e.g. long-
distance relativisation) and constructions resistant
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Category

—_
~

Nominal morphology

Adjectives

Verbal noun cores

Formulaic expressions
Questions and tags

Prepositions

Pronouns and anaphor resolution
Tense Aspect Modality (TAM) system
Impersonals and passives
Adverbials

Conjunctions and particles
Relative clauses

Clefts and focussing expressions
Colours

Determiners

Numerals

Total

_ —a a
©OoOoOonN =

WWWhroool NN O

120

Table 1: Distribution of MCQs across principal
grammatical categories.

to literal translation from English.® ltems span 16
grammatical categories (Table 1), with nominal
morphology the largest (17 items; 14.6%). The
design prioritised breadth across grammatical do-
mains (e.g. case marking, agreement, idiomatic
conventions) over depth within individual micro-
phenomena (e.g. the feminine singular genitive),
while keeping the task manageable for human par-
ticipants. The MCQs were not publicly available
prior to evaluation, ensuring zero-shot conditions.

Each question contained a single gap and was
designed to have one unambiguous correct answer.
For example, the following question asks for the
feminine singular basic definite form of the noun
fuil ‘blood’, where b. is the correct answer.

Chunnaic Mairi
("Mary saw ___.")
a. am fuil
b. an fhuil
c. am fhuil
d. na fala

Distractors were constructed to be linguistically
plausible and, as much as possible, attested in con-
temporary usage. This ensured that a successful
choice required grammatical discrimination rather
than mere lexical recognition. The placement of
the correct answer was varied during preparation,
but the task was issued in a fixed order across all
iterations to ensure consistency for humans and
models.

Human participants were recruited via conve-
nience sampling on social media (Facebook and

0ur approach is inspired by an unpublished Irish-
language MCQA study by Joseph Mclnerney.



FLUENT NON-FLUENT
Onset Near-/Native Adv Upp-Int Int Sum
04 12 0 0 0 12
12-18 2 2 1 0 5
18-30 7 5 3 1 16
30+ 2 0 0 0 2
Total 23 7 4 1 35

Table 2: Participant distribution by age of first ex-
posure to Gaelic (Onset), self-reported proficiency
level (N = 35) and fluency grouping. ‘Fluent’ com-
bines near-/native and advanced.

LinkedIn), yielding a voluntary, non-representative
sample of Gaelic speakers (N = 35; n = 30 af-
ter filtering). The task was administered online via
Qualtrics. Following informed consent and instruc-
tions in English, for accessibility, responses were
collected anonymously along with self-reported pro-
ficiency and age of acquisition (“Onset”). Profi-
ciency levels were: Near-/Native, Advanced (fluent
in most contexts), Upper intermediate (comfortable
in most discussions), and Intermediate (everyday
conversational ability).

For benchmarking, we combined the Near-
/Native and Advanced groups as ‘Fluent’ to ap-
proximate stable adult competence. While native
speakers typically acquire Gaelic in childhood, ad-
vanced and near-native speakers often receive for-
mal instruction. This may increase familiarity with
the prescriptive grammatical forms targeted in the
MCQA.

The distribution of participants by onset and pro-
ficiency is shown in Table 2. Approximately one
third (12/35) identified as Near-/Native and reported
acquiring Gaelic before age five, consistent with
socialisation in a Gaelic-speaking home. We refer
to this group as ‘native’ in Table 5.

Mean task duration was 45.7 minutes (median
= 38.75; range = 12.5-165.2). Questions were
presented in fixed order, and participants were re-
quired to select a single response per item. Missing
responses were scored as incorrect; submissions
with more than 10 missing items were excluded.

Following task administration, a few questions
were flagged as potentially dialect-sensitive or ad-
mitting multiple acceptable responses. After review
in light of documented Gaelic morphological vari-
ation (Adger, 2010; losad and Lamb, 2020), three
items (IDs 12, 21, 48) were excluded. All reported
results, therefore, are based on 120 questions ver-
sus the original 123.

We input the MCQs to the models listed in Table 3
(see §3.2) with each item evaluated in a single-turn
call. For each call, the prompt comprised a fixed
system instruction and a user message containing
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the question sentence with a single blank and the
full list of answer options (see §6.1). Models were
instructed to return only the text of the correct op-
tion (e.g. b. an fhuil), without explanation or
additional punctuation, and short examples were
included to enforce this format.

Decoding parameters were left at model defaults.
Responses were scored by exact string match af-
ter trimming whitespace; outputs beginning with
Error: were logged as API failures. To mitigate
transient failures and rate limits, calls were retried
with exponential back-off (up to five attempts), and
per-item outputs and correctness flags were stored
in JSONL format.

3.1.2. Culturally Relevant Translation

To construct the translation task, we collected par-
allel English and Gaelic transcripts of the Gaelic
learning podcast An Litir Bheag (‘The Little Letter’)
from LearnGaelic.scot. As these transcripts are
professionally translated, we treat them as gold ref-
erences for English—Gaelic evaluation. Produced
by a fluent Gaelic speaker for intermediate and ad-
vanced learners, the episodes frequently address
culturally salient topics, making them a relevant
resource for assessing LLM performance on MT.

We downloaded all available episodes of An Litir
Bheag with both English and Gaelic transcripts
at the time of writing (episodes 154—-1076). Five
episodes were excluded due to failed mp3 down-
loads. (We had initially intended to compile a par-
allel corpus including Gaelic audio to support ASR
evaluation.) The final dataset comprises 918 En-
glish—Gaelic parallel transcripts.

On manual inspection, we found errors in how
the podcast producers had published some of the
podcasts, and so we performed filtering to ensure
general data quality. First, we found that some
transcripts had their identifying language reversed
(i.e. Gaelic vs English, and vice-versa), so we ap-
plied a text language identification model, Open-
LID v2 (Burchell et al., 2023), to all transcripts and
manually removed those that showed switched lan-
guages.

We also identified cases where transcripts did
not correspond to the correct podcast or failed to
align as parallel pairs. To detect such mismatches
systematically, we translated all Gaelic transcripts
into English using GPT-5.2 and computed BLEU
scores against the paired English versions using
SacreBLEU (Post, 2018). Episodes were sorted
by lowest BLEU score to identify likely mismatches.
Following automated filtering and manual inspec-
tion, 10 episodes were removed, yielding a final
dataset of 908 parallel transcripts.

Finally, we downloaded episode subject meta-
data from the LearnGaelic.scot website and aligned
it with the episode transcripts. This enabled us to


https://learngaelic.scot/

Open-weight: DeepSeek R1, GLM 4.7, GPT OSS
120B, GPT OSS 20B, Llama 4 Maverick.
Closed-weight: Claude Haiku 4.5, Claude Opus
4.6, Gemini 2.5 Flash, Gemini 3 Flash Preview,
Gemini 3 Pro Preview, GPT-4.1, GPT-4.1 Mini, GPT-
4.1 Nano, GPT-40, GPT-40 Mini, GPT-5, GPT-5
Mini, GPT-5 Nano, GPT-5.2

Table 3: Models evaluated in GaelEval.

classify each episode according to one of the follow-
ing thematic categories: Folklore, Gaelic language,
History, Nature, Pastimes, People or Places.

3.1.3. Q&A Task on Cultural Understanding

Alongside our parallel transcripts, we also gener-
ated a MCQ set to assess the LLMs’ level of Gaelic
understanding and knowledge. We first instructed
GPT-5.2 to rate the cultural significance of each
episode’s transcripts from 1-5 (system messages
are detailed in the Appendix 6.2). For this task, we
removed any episode rated less than 4 to filter tran-
scripts unrelated to general knowledge of Gaelic
culture (e.g. autobiographic episodes). Following
this procedure, we maintained 713 episodes out of
the original 908.

We then instructed GPT-5.2 to generate between
1 and 10 general knowledge-style Q&A pairs per
episode based on the episode transcripts in Gaelic,
alongside English translations of each question and
answer. This yielded 6,802 Q&A pairs.

Occasionally, generated questions referred to
transcript-specific details despite instructions to
avoid contextual dependence, rendering them un-
suitable as stand-alone general knowledge items.
We therefore used GPT-5.2 to assign an ‘answer-
ability’ score (1-5) to each Gaelic question and its
English translation, where 5 denotes a fully self-
contained general-knowledge item and 1 indicates
contextual dependence. Questions scoring below
4 in either language were excluded. This filtering
yielded a final set of 1,087 questions drawn from
440 unique episodes, a subset of which was man-
ually verified by a Gaelic domain expert.

Finally, we re-input the transcripts to GPT-5.2 to-
gether with the generated questions and answers,
instructing it to produce three plausible distractors
per item. English translations were also generated
for each distractor. This yielded 1,087 multiple-
choice questions, each comprising one correct an-
swer and three distractors. Answer options were
randomly shuffled and labelled A-D, to prevent
positional bias and ensure consistent single-letter
responses from models.
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3.2. LLM Models Evaluated

We evaluated 19 models (Table 3) across three
tasks: linguistic competence, translation and cul-
tural understanding, spanning both open- and
closed-weight systems. Models were accessed
via the OpenAl, Anthropic, Google Al Studio and
Together Al endpoints, with batch processing used
to reduce costs. Responses were constrained to a
predefined JSON schema (single key—value pair) to
minimise explanatory output preceding the answer.

3.3. Evaluation Metrics

For the MCQA tasks, we report accuracy, defined
as the percentage of outputs that both conformed
to the required JSON schema (see Section 3.2)
and contained the correct answer. For transla-
tion, we report BLEU (Papineni et al., 2002) and
cHRF (Popovi¢, 2015).

4. Results

4.1.

As detailed in §3.1.1, we deployed a 120-item MCQ
set to assess models’ Gaelic linguistic competence.
We also administered the same task to human par-
ticipants (IV = 35). Table 4 reports model accuracy
under two prompt conditions (Gaelic and English
system messages: see §6.1), alongside the per-
formance of fluent speakers (n = 30); we exclude
intermediate learners to approximate stable adult
competence.

Gemini 3 Pro Preview achieves the strongest
overall results, scoring 83.3% under Gaelic prompt-
ing and 80.0% under English prompting. Its Gaelic-
prompted score is significantly higher than the
fluent-speaker mean of 78.1% (95% CI: 73.9%-
82.2%; p < 0.05). This contrasts with com-
parable work on Irish, where fluent speakers
(n = 3) outperformed all evaluated LLMs (McGiff
et al.,, 2025). Among OpenAl's models, GPT-
5 performs best (69.2% Gaelic; 71.7% English),
while Claude Opus 4.6 leads the Anthropic sys-
tems (59.2% Gaelic; 50.8% English), though it re-
mains more than 24 percentage points below Gem-
ini 3 Pro Preview under Gaelic prompting.

Among open-weight systems, DeepSeek R1
(45.0% Gaelic; 42.5% English) and Llama 4 Mav-
erick (45.0% Gaelic; 40.0% English) performed
best, yet remained approximately 38 percentage
points below Gemini 3 Pro Preview. Both mod-
els were only modestly above the 25% chance
baseline, consistent with results reported for other
morphologically rich low-resource languages (Etx-
aniz et al., 2024; McGiff et al., 2025). This gap
may reflect differences in training data scale and

Linguistic Competence Task



composition between open- and closed-weight sys-
tems. A plausible factor in Google’s favour is its
long-standing support for Scottish Gaelic in Google
Translate (since 2016) (BBC, 2016), and the asso-
ciated accumulation of Gaelic data.

We observe a modest aggregate advantage for
Gaelic prompting. Averaged across models (ex-
cluding humans), Gaelic system messages outper-
form English ones by 2.4 percentage points (46.8%
vs. 44.4%). Although the effect varies by model
family, the overall pattern indicates a small but con-
sistent in-language advantage. This pattern is inter-
esting in light of Myung et al. (2025), who find that
in-language prompting benefits medium- and high-
resource languages but not typically low-resource
ones. At the same time, the advantage is small
and contrasts to our findings for the cultural under-
standing task (see §4.3, Table 7).

Notwithstanding the small sample size (see
§3.1.1), advanced speakers — most of whom re-
ported acquiring Gaelic between ages 18 and 30 —
outperformed native speakers on this task (82.6%
vs 70.9%; Table 5). Feasibly, some tested phe-
nomena involve formal registers or infrequent edge
cases more likely to be acquired through structured
learning than everyday usage. Within our sample,
self-reported fluency therefore does not fully align
with prescriptive grammatical knowledge.

Within model families, we observe patterns con-
sistent with known scaling-law behaviour. Perfor-
mance improvements have been shown to follow
predictable power-law trends as training compute,
dataset size and parameter count increase pro-
portionately (Kaplan et al., 2020; Hoffmann et al.,
2022). Table 4 reflects this tendency: more recent
flagship models generally outperform earlier ver-
sions within the same family (e.g. Gemini 3 Pro:
83.3% vs Gemini 2.5 Flash: 61.7% in the Gaelic
condition). Similar intra-family gains are observed
among OpenAl and Anthropic models.

Smaller ‘Mini’ and ‘Nano’ variants — designed
to reduce parameter count and inference cost
through compression and distillation — consistently
underperform their corresponding flagship models
(e.g. GPT-5: 69.2% vs GPT-5 Mini: 47.5% under
Gaelic prompting), reflecting the expected trade-
off between efficiency and representational capac-
ity. While recent work shows that smaller models
can achieve strong performance in low-resource
contexts when specifically adapted (Etxaniz et al.,
2024), our results indicate that, without such adap-
tation, reduced-capacity variants perform well be-
low large proprietary models for Gaelic.

Overall, under Gaelic prompting, Gemini 3 Pro
Preview demonstrates linguistic competence in
Gaelic exceeding that of fluent speakers, with GPT-
5’s English-prompted performance slightly under
the human baseline. Although the extent to which

78

Model / Group Gaelic English A G-E
Gemini 3 Pro Prev 83.3 80.0 3.3
Gemini 3 Flash Prev 79.2 77.5 1.7
Humans (Fluent) n/a 78.1 -
GPT-5 69.2 71.7 -2.5
Gemini 2.5 Flash 61.7 62.5 -0.8
Claude Opus 4.6 59.2 50.8 8.3
GPT-40 50.0 46.7 3.3
Claude Haiku 4.5 47.5 43.3 4.2
GPT-5 Mini 47.5 41.7 5.8
DeepSeek R1 45.0 42.5 25
Llama 4 Maverick 45.0 40.0 5.0
GPT-5.2 43.3 40.0 3.3
GPT-4.1 42.5 42.5 0.0
GPT-5 Nano 36.7 30.8 5.8
GPT-40 Mini 34.2 30.0 4.2
GPT OSS 120B 33.3 27.5 5.8
GLM 4.7 32.5 26.7 5.8
GPT-4.1 Nano 30.0 31.7 -1.7
GPT OSS 20B 29.2 22.5 6.7
GPT-4.1 Mini 24.2 27.5 -3.3
Mean (models) 46.8 44.4 2.4

Table 4: MCQA accuracy (%) under Gaelic and En-
glish prompting. A indicates Gaelic minus English
performance. Human baseline shown for fluent
speakers (n=30).

this task generalises to broader real-world text pro-
duction remains unclear, we observe comparable
performance patterns in the translation and cultural
understanding tasks discussed below, supporting
its construct validity.

Finally, Figure 1 disaggregates accuracy by
grammatical category (cf. Table 1), comparing
the fluent-speaker baseline with the nine highest-
performing models. Two contrasts are evident.
First, models underperform humans on interac-
tional and idiomatic material — most clearly in ques-
tions/tags (Human = 0.85; Gemini 3 Pro = 0.50;
GPT-5 = 0.30) and formulaic expressions (Human
= 0.82; top models ~ 0.40-0.60). Second, sev-
eral models match or exceed the human mean
in more structural domains, including determin-
ers, pronouns and anaphor resolution, and relative
clauses (e.g. REL: Human = 0.53 vs. Gemini 3 Pro
~ 0.80). Given uneven category sizes, these differ-
ences are indicative rather than definitive. Never-
theless, if replicated with a larger, balanced MCQA,
the pattern would suggest that current models han-
dle codified morphosyntax more reliably than inter-
actional discourse, with implications for conversa-
tional Al and CALL targeting everyday Gaelic.

4.2. Culturally Relevant Translation

Translation metrics are reported in Table 6. We
observe consistent score degradation when trans-
lating into Gaelic (en—gd) versus English (gd—en).
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Claude Opus 4.6 - 50.8 100
GPT 40 - 46.7
Claude Haiku 4.5 - 43.3
GPT 4.1-425
50.0

Deepseek R1 - 42.5 33.3 0.0
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Level N Mean Max Min
Near-/Native 23 76.7 98.3 53.3

Native only 12 709 850 533
Advanced 7 826 975 63.3
Upper Intermediate 4 731 792 675
Intermediate 1 1.7 417 4.7
Fluent 30 78.1 98.3 533

Table 5: Human accuracy (%) on the 120-item
MCQA by self-reported proficiency. ‘Fluent’ in-
cludes near-/native and advanced speakers.

This corroborates prior work showing that genera-
tion in a low-resource language imposes greater
representational demands than comprehension
mapped back to a high-resource language such as
English (Goyal et al., 2022).

Gaelic to English MT largely tests how well a
model projects low-resource inputs into English-
dominant latent spaces and then generates in En-
glish. Conversely, English to Gaelic MT demands
active production of morphologically complex and
culturally-grounded forms. This asymmetry is es-
pecially pronounced in GPT 5 Mini, which drops
over 20 BLEU points across directions. Gem-
ini 3 Flash Preview is the exception, maintaining
near symmetry (71.47 BLEU en—qgd; 71.75 BLEU
gd—en), suggesting a more balanced multilingual
pre-training distribution.

Directional asymmetry is particularly pronounced
among open-weight models. DeepSeek R1 at-
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en — gd gd — en

BLEU | cHRF | BLEU | cHRF
Gemini 3 Flash Preview | 71.47 | 79.07 | 71.75 | 77.38
Gemini 3 Pro Preview 65.56 | 78.57 | 73.41 | 78.20
Gemini 2.5 Flash 65.53 | 74.72 | 74.36 | 77.58
GPT-4.1 65.41 | 74.62 | 66.60 | 72.77
Deepseek R1 62.12 | 71.84 | 75.28 | 77.73
GPT-5.2 61.19 | 72.16 | 71.02 | 76.18
GPT-5 56.94 | 70.27 | 70.27 | 75.82
Claude Opus 4.6 53.16 | 69.34 | 70.37 | 77.38
GPT-40 52.39 | 67.83 | 68.73 | 74.80
GPT-5 Mini 49.19 | 60.93 | 69.58 | 73.34
Llama 4 Maverick 42,93 | 62.30 | 73.49 | 75.74
GPT-5 Nano 42.56 | 55.54 | 61.78 | 67.41
GPT-4.1 Mini 38.90 | 58.01 | 69.09 | 75.48
Claude Haiku 4.5 38.44 | 59.27 | 72.32 | 73.92
GPT OSS 120B 37.79 | 54.74 | 56.23 | 63.01
GPT-40 Mini 34.02 | 56.84 | 69.01 | 73.29
GPT-4.1 Nano 33.93 | 50.35 | 63.31 | 69.04
GPT OSS 20B 0.00 | 0.00 | 48.21 | 53.38
GLM 4.7 0.00 | 0.00 0.00 0.00

Table 6: BLEU and cHRF scores for both English
to Gaelic (en—gd) and Gaelic to English (gd—en)
translation tasks.

tains the highest BLEU score for gd—en translation
(75.28), marginally surpassing leading proprietary
systems, but drops to 62.12 BLEU for en—gd gen-
eration. This pattern suggests that while mid-tier
open-weight models can parse and comprehend
Gaelic, they lack the generative capacity to produce
morphologically fluent output. The effect is most
extreme in GPT OSS 20B, which achieves 48.21
BLEU for gd—en yet collapses to 0.00 BLEU for
en—gd, failing to generate valid Gaelic within the



Model Gaelic English A G-E
Gemini 3 Flash Prev  91.35 91.63 -0.28
Gemini 3 Pro Prev 91.17 90.98 0.19

GPT-5 85.28 88.50 -3.22
Gemini 2.5 Flash 79.85 83.44 -3.59
Claude Opus 4.6 79.48 83.53 -4.05
GPT-5 Mini 71.48 80.04 -8.56
GPT-5.2 66.70 70.65 -3.95
GPT-4.1 66.24 74.70 -8.46
GPT-40 63.85 73.41 -9.56
GLM 4.7 63.75 72.40 -8.65
Llama 4 Maverick 59.06 70.01 -10.95
DeepSeek R1 58.33 75,53 -17.20
GPT-5 Nano 54.37 70.29 -15.92
GPT OSS 120B 52.81 70.56  -17.75
GPT-4.1 Mini 47.93 65.59 -17.66
GPT-40 Mini 43.05 65.04 -21.99
GPT OSS 20B 42.41 57.04 -14.63
Claude Haiku 4.5 40.29 47.84 -7.55
GPT-4.1 Nano 34.87 51.61 -16.74
Mean 63.75 73.30 -9.55

Table 7: Accuracy (%) on the cultural knowledge
Q&A task under Gaelic and English prompting. A
indicates Gaelic minus English performance.

required JSON format.

We also note that GLM 4.7 was not able to form a
single correctly formatted JSON response to any of
our translation requests. This indicates that prompt-
ing some LLMs to process long passages of low-
resource languages may degrade their ability to
perform more basic tasks, such as JSON format-
ting.

Finally, divergence between word-level BLEU
and character-level cHRF highlight the challenges
posed by Gaelic morphology. Gaelic’s rich inflec-
tional morphology means a model may retrieve the
correct lemma yet miss the surface form that BLEU
requires. Accordingly, cHRF scores are consistently
higher and less variable, particularly for en—gd
translation, indicating difficulty with morphological
realisation.

4.3. Q&A Task on Cultural Understanding

Table 7 reports accuracy on the Gaelic- and English-
prompted versions of the cultural Q&A task. Gaelic-
prompted performance ranges from 34.87% (GPT-
4.1 Nano) to 91.35% (Gemini 3 Flash Preview),
indicating substantial variation in cultural knowl-
edge and reasoning. The strongest models — Gem-
ini 3 Flash Preview, Gemini 3 Pro Preview, and
GPT-5 — perform consistently well across both lan-
guages, with less than a 4-point gap between con-
ditions.

In contrast to the linguistic competence task (see
Table 4), most models perform worse under Gaelic
prompting (mean A = -9.55), with the disparity
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widening among weaker systems. For example,
GPT OSS 20B declines from 57.04% (English) to
42.41% (Gaelic), while GPT-4.1 Nano drops from
51.61% to 34.87%, approaching chance. This pat-
tern aligns with prior findings that LLM representa-
tions for low-resource languages are weaker than
for English (Goyal et al., 2022; Romanou et al.,
2024; Singh et al., 2025).

Comparing these results with the hand-curated
Linguistic Competence task reveals strong rank
correlation across benchmarks. The top three mod-
els — Gemini 3 Flash Preview, Gemini 3 Pro Pre-
view, and GPT-5 — retain the same ordering, and
mid-tier open-weight systems (e.g., DeepSeek R1,
Llama 4 Maverick) and smaller distilled variants
exhibit similar relative positions.

However, absolute scores are inflated on the syn-
thetically generated cultural QA task. The strongest
models exceed 90% accuracy, whereas the linguis-
tic competence MCQ peaks at 83.3%. This sug-
gests that LLM-generated benchmarks may create
easier evaluation conditions while nevertheless pre-
serving relative performance rankings.

For low-resource languages lacking curated
datasets, this result is encouraging: frontier models
can generate synthetic cultural benchmarks from
relevant authentic text, enabling scalable compara-
tive evaluation. Although such datasets are not re-
liable as absolute measures of capability — scores
may over-estimate fluency — they provide a low-
cost and practical heuristic when creating a manual
dataset would be prohibitive.

5. Conclusion

This paper introduces GaelEval, the first multi-
dimensional benchmark for Scottish Gaelic, com-
bining expert-authored morphosyntactic MCQA,
culturally grounded translation and large-scale cul-
tural knowledge evaluation. Across 19 contempo-
rary LLMs, we observe variation in Gaelic com-
petence, with proprietary systems outperforming
open-weight models by a large margin. Notably,
Gemini 3 Pro Preview exceeds the fluent-speaker
baseline on the linguistic competence task, while
translation and cultural Q&A results reveal direc-
tional asymmetries and consistent performance
gaps between English- and Gaelic-prompted con-
ditions.

Category-level analysis on the linguistic compe-
tence task suggests that current models handle
codified morphosyntactic structure more reliably
than interactional or formulaic usage. At the same
time, rank correlation across the three tasks indi-
cates that synthetic, LLM-generated cultural bench-
marks can provide reliable evaluation signals, even
if absolute scores may be inflated.

For minority languages lacking established eval-



uation infrastructure, GaelEval demonstrates that
rigorous, language-specific benchmarking is both
feasible and necessary. Future work will expand hu-
man validation, balance per-category item counts
and incorporate further assessment of fluency and
sociolinguistic appropriateness. Robust evalua-
tion remains essential if ‘shadow’ LLM competence
in low-resource languages is to be understood,
trusted and responsibly deployed.

Data and Code Availability

To preserve the integrity and reusability of GaelEval
as a zero-shot evaluation benchmark, the underly-
ing dataset is not being released at this time. Public
release likely would expose the data to web scrap-
ing bots, leading to its inclusion in future model
pre-training corpora and compromising the bench-
mark’s effectiveness. To support ongoing evalua-
tion without exposing the data, a Gaelic LLM leader-
board is planned at https://eist.ac.uk. All
code for prompt construction, API interaction, and
evaluation will be released in the following public
repository upon publication, ensuring transparency
and reproducibility: https://github.com/Pet
er—-Devine/gaeleval.

Ethical Considerations

Institutional ethical approval for this research was
sought on 27 January 2026 and granted on 9 Febru-
ary 2026 by the Ethics Officer of the first author’s
host institution. The study involved minimal risk to
participants and did not collect personally identifi-
able information beyond self-reported proficiency
and age of acquisition.

Although no substantial personal or social risks
are associated with this work, we acknowledge the
environmental costs associated with large-scale
model inference. While the evaluation tasks re-
ported here required limited compute, the broader
ecological impact of LLM development remains an
important consideration.

Limitations

For the linguistic task, the human sample is small
and non-representative (35 participants; 30 after fil-
tering) and the MCQA is relatively short (c.f. McGiff
et al., 2025) and unbalanced across categories.
GPT-5.2 was used for data generation and filter-
ing and was also evaluated, which may inflate its
cultural Q&A performance due to self-preference
bias (Wataoka et al., 2024; Xu et al., 2025). More-
over, the cultural Q&A benchmark is entirely LLM-
generated, although a subset was reviewed by a
Gaelic domain expert.
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Finally, the evaluation focuses on linguistic and
cultural accuracy rather than general reasoning
or mathematical ability, as commonly assessed in
English-language benchmarks. Models may exhibit
different reasoning performance when operating in
a low-resource language setting.
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6. Appendix
6.1. Linguistic Competence Task:
System Messages

English You are a knowledgeable assistant that
can answer all kinds of questions. Please select
the correct option. Output ONLY the letter of the
correct option, without any additional explanation
or punctuation.

Examples:

What colour is the sky? ['A. blue’, ’B. yel-
low’, 'C. green’]. Return ONLY A’

Which of these countries is in Africa? ['A.
Germany’, 'B. Mexico’, ’C. Nigeria']. Re-
turn ONLY 'C’

Gaelic Is e cuidiche fiosrachail a tha annad agus
is urrainn dhut a h-uile seorsa ceist a fhreagairt.
Tagh an romhainn cheart. Na cuir a-mach ach
litir na freagairte ceirte, as aonais mineachadh no
pongachadh sam bith eile.

Eisimpleirean:

Dé ’n dath a th’ air an iarmailt? ['A. gorm’,
'B. buidhe’, 'C. uaine’]. Na cuir a-mach
ach’A

Co0 'n duthaich as na leanas a tha ann an

Afraca? ['A. A’ Ghearmailt, 'B. Meagsago,
’C. Nigeéiria’]. Na cuir a-mach ach 'C’

6.2. Transcript Scoring System Message

You are a Scottish Gaelic article scoring assistant.
Given a Gaelic article transcript and its English
translation, give a score between 1 and 5 for the
cultural relevancy of the article to Gaelic culture. If
the article contains no material that relates to Gaelic
culture, then give a score of 1. If the article is full of
information on important aspects of Gaelic culture,
then give a score of 5. For articles somewhere
in-between these two, then give a score most fitting
the content.

6.3. Cultural Understanding QA system
message

You are a Scottish Gaelic question and answer gen-
erating assistant. Given a Gaelic article transcript
and its English translation, write between 1 and
10 question in Gaelic about the content within the
article. The questions should test the answerer’s
knowledge of Gaelic culture in some way, using
only the article as the factual basis for the question
and answer. The answers to the questions should
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not be easily guessed from the question. Only in-
clude as many questions as you are able to make
out of the content of the article. Each question
should be written so that it makes total sense in
isolation and can be answered by someone knowl-
edgeable on the subject without reading the article.
Make sure the questions are self contained. You
may introduce people, things, places etc. from the
article in each question if that helps make the ques-
tion understandable without reading the article. Do
not refer to entities contextually - always use a per-
sons hame rather than using ‘the man’, for example,
where possible. Each question can be as long as
you would like but should be answerable in less
than 10 words. Write the questions and answers
in Gaelic and also write an English translation of
each.

6.4. Answerability System Message

You are a Scottish Gaelic and English question
scoring assistant. Given a question in Gaelic and
its English translation, give a score between 1-5
on the self-contained answerability of both ques-
tions. Give a score of 5 if the question is a good
general knowledge question, is self-contained, is
not contextual dependent, and can be answered
purely from using knowledge of Gaelic culture. Give
a score of 1 if the question is contextual depen-
dent, refers to implicit information outside of gen-
eral knowledge (e.g. 'the man’ rather than 'Robert
the Bruce’), or is otherwise badly written. For ques-
tions somewhere in-between these two, then give
a score most fitting the content. Evaluate the ques-
tion in both languages on an individual basis, eval-
uating the wording of the question purely in that
language.

6.5. Distractor System Message

You are a Scottish Gaelic distractor generating as-
sistant. Given a Gaelic article transcript and its En-
glish translation, as well as a question and answer
about the content within the article, write three dis-
tractors for the answer. The distractors should be
incorrect answers to the question. The distractors
should also be plausible while remaining wrong an-
swers. If the correct answer is written in a particular
style or format, make sure the distractors also fol-
low this style or format. Remember that there may
be multiple correct answers to the original question,
so make sure that your three distractors are all com-
pletely INCORRECT answers. Write the distractors
in Gaelic and also write an English translation for
each.
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