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Abstract

The linguistic proximity between Galician, Por-
tuguese, and Spanish results in a lexical overlap
that often conceals semantic interference. This
is particularly evident in false friends, posing a
challenge for NLP systems. In this work, we as-
sess whether state-of-the-art language models
can identify and process false friends among
these languages. We introduce six cross-lingual
datasets —created using semi-automatic meth-
ods or manual construction and all carefully
verified— covering cognates and false friends.
We evaluate a broad range of encoder and de-
coder models of varying sizes via zero-shot
and few-shot settings. Our results show that
closed-weight models achieve the highest accu-
racy and medium-weight models demonstrate a
strong balance of efficiency, while smaller mod-
els struggle with systematic issues and biases.
Notably, we find that linguistic proximity it-
self introduces errors: closely related language
pairs tend to perform worse, reflecting the chal-
lenge of semantic discrimination due to lexical
overlap.

1 Introduction

Closely related languages exhibit a high degree of
lexical and orthographic similarity, which can facil-
itate cross-lingual understanding but also give rise
to systematic semantic ambiguity (Kallini et al.,
2025). This issue is especially salient for closely
related Romance languages such as Spanish, Por-
tuguese, and Galician, which share a substantial
portion of their vocabulary (Garcia et al., 2018),
increasing the risk of semantic interference.

In bilingual and multilingual contexts, formally
similar words are categorized as cognates: words
across different languages that share a common
etymological origin and maintain the same mean-
ing, for example the Galician and Portuguese
form ponte with the meaning of ‘bridge’. How-
ever, cognates may diverge semantically over time;

such cases are commonly referred to as false cog-
nates or false friends. These are pairs that, de-
spite their shared origin, have developed distinct
meanings (Dominguez and Nerlich, 2002; Allan,
2009; Chamizo-Dominguez, 2012), often leading
to cross-lingual interference. For instance, the
Portuguese adjective esquisito means ‘strange’ or
‘odd’, whereas the Spanish adjective exquisito de-
notes something ‘refined’ or ‘excellent’. As sim-
ilar words are often assumed to share meaning,
these phenomena are problematic both for second-
language learners and bilingual speakers (Durdn Es-
cribano, 2004; Brenders et al., 2011), and also for
computational language models (Limisiewicz et al.,
2023; Cahyawijaya et al., 2025).

The proliferation of multilingual Large Lan-
guage Models (LLMs) raises the question of
whether these models can handle cross-lingual se-
mantic ambiguity. In this context, false friends and
cognates constitute a valuable diagnostic of lexical
processing. Analyzing whether language models
can identify false friends, and determining which
contexts and cases are more challenging, is crucial
for assessing their cross-lingual capabilities.

Our study investigates the ability of state-of-
the-art models to detect and process false friends
and cognates in closely related varieties (Gali-
cian, Portuguese, and Spanish), which coexist in
regions such as the Iberian Peninsula and Latin
America, and are frequently considered jointly
in evaluation efforts and multilingual modeling
(Gonzalez-Agirre et al., 2025; Angel Gonzilez
et al., 2026). To this end, we introduce new cross-
lingual datasets of cognates and false friends in
context for these three languages, combining auto-
matically extracted sentences with manually cre-
ated examples. We evaluate these cross-lingual phe-
nomena using encoder and decoder models. First,
we establish an unsupervised baseline and train
a logistic regression classifier to assess whether
cognates and false friends can be distinguished



from contextualized embeddings. We then evaluate
current LLMs on a contextual semantic judgment
task, where models must decide whether two target
words are semantically equivalent in context, eval-
uating both zero-shot and few-shot settings. Our
results, complemented by qualitative analysis and
a preliminary evaluation in machine translation,
show that although closed-weight LLMs demon-
strate strong disambiguation abilities, cross-lingual
semantic ambiguity remains challenging for most
models, particularly in closely related language
pairs. All new resources will be freely released.

2 Related work

Beyond traditional Word Sense Disambiguation,
which identifies the intended meaning of a word in
context typically by linking it to predefined sense
inventories (Navigli, 2009; Bevilacqua et al., 2021),
Word-in-Context (WiC) has become increasingly
popular for evaluating contextualized word mean-
ing in an inventory-free manner. WiC (Pilehvar and
Camacho-Collados, 2019) has reformulated lexi-
cal semantic evaluation as a binary classification
task, determining whether a target word is used
with the same meaning in two different contexts.
This approach avoids reliance on explicit sense in-
ventories and has been extended to multilingual
and cross-lingual settings, including XL-WiC (Ra-
ganato et al., 2020) and MCL-WiC (Martelli et al.,
2021), making it particularly suitable for analyzing
multilingual LLMs.

In this regard, while multilingual LLMs pro-
vide coverage across dozens of languages, their
performance often degrades in non-English con-
texts (Zhang et al., 2023), which can be attributed
in large part to the predominance of English data
in their training corpora (Xu et al., 2025). In cross-
lingual scenarios, lexical overlap often introduces
semantic interference in closely related languages,
where orthographic similarity (categorized as cog-
nates or false friends) may mask divergent senses.

Prior works in this area have focused on the au-
tomatic identification of cognates and false friends
at the word level. Early approaches addressed the
identification of cognates and false friends using
bilingual corpora (Mitkov et al., 2007). Subsequent
studies have relied on word embeddings and vector-
space models for the automatic detection of false
friends (Torres and Aluisio, 2011; Ljubesi¢ and
FiSer, 2013; Castro et al., 2018; Perifian-Pascual
and Ferndndez Martinez, 2025), as well as for cog-

nate detection (Batsuren et al., 2019; Akavarapu
and Bhattacharya, 2024). Alternative approaches
have treated false friend identification as a classifi-
cation task (Nikov et al., 2024). Other studies have
proposed unsupervised methods for constructing
multilingual lexicons of false friends across multi-
ple languages Uban and Dinu (2020), or conduct
linguistic analyses of semantic false friends and
borrowings accompanied by automatic correction
methods (Uban et al., 2025). In addition, it has
been also examined the effect of vocabulary over-
lap in multilingual LLMs (Kallini et al., 2025). De-
spite these advancements, recent studies have high-
lighted limitations in the contextual disambigua-
tion capabilities of multilingual LLMs. Specifi-
cally, Cahyawijaya et al. (2025) demonstrates that
state-of-the-art models continue to struggle with
false friends, where shared orthography across lan-
guages triggers incorrect semantic transfer despite
conflicting contextual cues.

Some studies on false friends and cognates
have focused on descriptive analyses or vocab-
ulary lists between Galician, Spanish, and Por-
tuguese (Bragado Trigo, 2006; Figueroa, 1995),
with small initial WiC datasets available for Gali-
cian and Spanish (Abuin and Garcia, 2025). For
the Spanish—Portuguese language pair, recent com-
putational approaches have been proposed (Castro
et al., 2018; Uban et al., 2025). Including Gali-
cian constitutes a compelling challenge, as it is
closely related to Portuguese while strongly influ-
enced by Spanish. In this work, we introduce new
WiC-like multilingual datasets of false friends and
cognates and present a systematic evaluation of
current LLMs using a range of methods.

3 Dataset construction

To evaluate the cross-lingual abilities of LLMs on
lexical semantics, we build a multilingual WiC-
style dataset including cognates and false friends.
Each instance consists of a word pair in two lan-
guages and two contextualized instances, illustrat-
ing the sense of the target words (see Table 1).

Languages: Galician, Portuguese and Span-
ish constitute a closely related group of Ibero-
Romance languages. While Galician and Por-
tuguese have historically been considered varieties
of the same language, Galician has been influenced
by Spanish due to its status as a lower-prestige
language in Spain and an official orthography mod-
eled after Spanish conventions (Samartim, 2012).



Dataset W1 S1 w2 S2 Label POS
ES-PT  TALHER Deve ser comido apenas com TALLER También tiene un moderno False Friend N
as mios, jamais com talheres. taller de restauracién.
It should only be eaten with It also has a modern restora-
your hands, never with cut- tion workshop.
lery.
GL-PT  voTto S6 se permite un voto por fa- VOTO Havia apenas dois votos a fa- Cognate N
milia. vor da proposta.
Only one vote is allowed per There were only two votes in
family. favor of the proposal.

Table 1: Example instances from our dataset. Columns report the language pair (Dataset), the target words (W1/W52)
together with their contextual sentences (51/52), the semantic relation label (False Friend or Cognate), and the

Part-of-Speech (POS).

Although Portuguese and Spanish also share simi-
larities, they exhibit more pronounced orthographic
differences. These asymmetric statuses, combined
with the fact that in some cases the languages co-
exist in overlapping territories and are included in
multilingual LLMs and related initiatives, make
this triad a compelling testbed for assessing cross-
lingual semantic disambiguation.

Semantic phenomena: The datasets incorporate
both cognates and false friends, further categorized
into total, whose meanings have diverged across
languages (e.g., carpeta, ES ‘folder’ vs. carpete,
PT ‘carpet’), and partial false friends, where at
least one sense differs while others may still over-
lap (e.g., balon, GL ‘ball’ vs. baldo, PT ‘balloon’
or ‘ball’). The datasets include strict homographs
(e.g., propina, meaning tip in ES vs. fee in PT)
as well as similar forms resulting from language-
specific evolution. Specifically, we account for sys-
tematic morphological variations (e.g., PT trabalho
vs. ES trabajo) and phonological divergences, such
as the preservation of diphthongs in Galician and
Portuguese in contrast to the Spanish simplifica-
tion (e.g., GL/PT touro vs. ES toro). These forms
capture the subtle lexical nuances and inter-lingual
overlaps that pose significant challenges for word
sense disambiguation in multilingual models.

Data compilation: The datasets were con-
structed using two complementary resources, one
targeting false friends and the other cognates. False
friends pairs were manually compiled from lan-
guage learning materials and online pedagogical re-
sources for the relevant language pairs (a complete
list of resources is provided in Appendix B). These
items correspond to words that are known to be
problematic for second-language learners or bilin-
guals due to cross-linguistic similarity. Each pair
was then annotated as either a total or partial false

friend depending on the degree of semantic overlap.
Regarding cognate pairs, they were automatically
extracted from WordNet (Miller et al., 1990) by
identifying synsets shared between the two lan-
guages using the Multilingual Central Repository
(MCR) 3.0 (Gonzalez-Agirre et al., 2012). In order
to maintain balance between categories, an equiva-
lent number of cognate pairs was selected in each
respective language pair. To obtain example sen-
tences, we first obtained 2024 Wikipedia dumps
for each language, which were tokenized and lem-
matized using FreeLing (Padré and Stanilovsky,
2012). We then extracted up to ten contextualized
sentences per word for each language, and a na-
tive or near-native speaker of the three languages
with a background in Linguistics selected the most
representative examples.

Annotation task: The resulting sentences were
validated by two annotators with a linguistic back-
ground. The task consisted of verifying (i) whether
the target word in each sentence correctly reflected
the assigned sense, and (ii) whether the seman-
tic relation remained valid in context. Disagree-
ments were discussed, and when no consensus was
reached, the pairs were discarded to maintain high-
quality and balanced datasets.

Human-authored subset: In addition to the
semi-automatically constructed data, we derived
a human-authored subset from the validated in-
stances. For each language pair, we randomly
sampled between 50 and 60 word pairs and asked
annotators to produce new sentences containing
the same target words and preserving the original
senses. These newly created sentences underwent
the same validation procedure as described above.

Dataset statistics: Table 2 presents an overview
of the dataset per language pair. In total, our
data contain 704 validated cross-lingual word pairs,



each one associated with two sentences, thus total-
ing 1,408 examples. Each set is balanced in number
of cognates and false friends, the latter divided into
total and partial, as detailed in Appendix 8'.

Pair Cogn. FFs Total | Sents.
ES-PT 182 182 364 728
GL-ES 75 75 150 300
GL-PT 95 95 190 380
Total 357 367 704 1,408

Table 2: Distribution of cognates (Cogn.) and false
friends (FFs) in the dataset (semi-automatic and human-
created subsets), and number of sentences (Sents).

4 Experimental Setup

Our experiments follow two complementary
paradigms: (i) WiC-based standard methods on
encoder models, and (ii) prompt-based approaches
using LLMs, in zero-shot and few-shot settings.

4.1 Encoder experiments

Unsupervised Baseline: We implement a base-
line based on the cosine similarity between the
contextualized embeddings of the target word pair.
Following a binary classification approach, a pair
is labeled as same sense if its similarity exceeds a
given threshold, and as different sense otherwise.
We explore thresholds from 0.00 to 1.00 in steps of
0.02 across all layers, and select the layer-threshold
combination that yields the highest accuracy.

Logistic Regression: In line with the supervised
framework described by Wang et al. (2019), we
train logistic regression classifiers using the con-
catenated contextualized embeddings of the target
word pair. To maintain consistency across experi-
ments, we select the layer with the highest perfor-
mance on the baseline experiment. We employ the
minicons library (Misra, 2022)” to extract contex-
tualized word representations from HuggingFace’s
Transformers (Wolf et al., 2020). For evaluation on
a specific language pair, the model is trained using
the combined data from the remaining two pairs.

Models: We use the following multilingual en-
coders: mBERT (cased and uncased) (Devlin et al.,
2019), XLM-RoBERTza (base and large) (Conneau

"For these pairs, 534 contextual sentence pairs were ob-
tained semi-automatically, while 170 were human-produced
(see Table 8 for a more detailed explanation).

2https://github.com/kanishkamisra/minicons

et al., 2020), and XL-Lexeme, an XLM-RoBERTa-
large trained with a combination of various WiC-
like datasets (Cassotti et al., 2023).

4.2 Prompt-based LLMs

We evaluate LLMs in zero-shot and few-shot (k =
2) configurations. Given target words W and W,
and their corresponding sentences .57 and S5 (each
from a different language), the model must perform
a binary decision: YES if the target words are se-
mantically equivalent, or NO if they refer to distinct
senses. To enable automated parsing, we constrain
the output format and require a brief justification
for each decision (see Appendix E and F for the
prompts used in both settings). The justification
is not used for scoring, and it is included only to
support qualitative error analyses. For the few-shot
setting, we provide two balanced examples specific
to each language pair: one representing a cognate
(YES), and one a false friend (NO). These examples
are excluded from the test set. Prompts remain
fixed across all models to ensure a fair comparison.

Models: For the prompt-based evaluation, we
consider a broad range of open and closed-weight
multilingual LLMs. The closed-weight group in-
cludes Gemini 2.0 and 2.5 (Comanici et al., 2025),
GPT-40-mini and GPT-4.1 (OpenAl et al., 2024),
and Grok-3 and Grok-4. Among the open-weight
models, we selected Gemma-2 (Team et al., 2024)
and Gemma-3 (Team et al., 2025), Qwen-3 (Yang
et al., 2025), Phi-3 (Abdin et al., 2024), Phi-4 (Ab-
din et al., 2025), Deepseek-V3 (DeepSeek-Al et al.,
2025), Llama 3 series (Grattafiori et al., 2024) and
Mistral (Jiang et al., 2023, 2024). These models
span various scales, from 3B to over 200B parame-
ters. For clarity, Table 3 summarizes the evaluated
models, grouped by availability, size, and family.

5 Results

This section presents the experimental results, us-
ing the average of each language pair based on both
subsets of the data (semi-automatic and manual).’

Encoder models: Among the encoder models,
XL-Lexeme —an XLM-RoBERTa-large adapted
to WiC-like tasks— achieved the best performance
in the baseline method (see Table 9 in Appendix C
for the complete baseline results). XL-Lexeme

3Overall, results tend to be slightly higher on the man-
ual subset. Full results for both subsets are provided in the
appendices.
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Type Size Family Models
Open-weight Small [<10B] Google gemma-3-4b-it, gemma-2-9b-it
Meta llama-3.1-8b-instruct, llama-3.2-3b-instruct
Microsoft  phi-3-mini-128k-instruct
Mistral AI  ministral-3b, mixtral-8x7b-instruct
Medium [10B - 50B]  Google gemma-3-12b-it, gemma-3-27b-it
Microsoft  phi-3-medium-128k-instruct, phi-4-reasoning-plus!,
phi-4-multimodal-instruct
Mistral AI  mistral-small-24b-instruct-2501, mistral-small-3.2-24b-instruct
Qwen gqwen3-30b-a3b-instruct-2507
Large [>50B] DeepSeek  deepseek-chat-v3.17
Meta Ilama-3.1-70b-instruct, llama-3.2-70b-instruct
Qwen gwen3-next-80b-a3b-instruct, qwen3-235b-a22b-2507
Closed-weight Google gemini-2.5-flash, gemini-2.5-flash-lite, gemini-2.0-flash-001
OpenAl gpt-4o0-mini, gpt-4.1, gpt-4.1-mini
xAl grok-3-mini, grok-4-fast, grok-4

Table 3: Categorization of the evaluated LLMs by access type (Open vs. Closed), parameter scale (Small, <10B);
Medium, 10B-50B; and Large, >50B), and architectural family. Parameter counts for closed-weight models are
omitted due to proprietary restrictions. While the majority of our evaluated models follow the standard instruction-
tuning paradigm, we include several reasoning models marked with .

embeddings were subsequently used to train lo-
gistic regression classifiers, whose best results are
reported in the first rows of Table 5. Despite op-
timizing both the layer and decision threshold for
each language pair, this method underperformed
the baseline in all cases (except GL—PT, where it
was one accuracy point higher), yielding an average
accuracy of 70.16 versus the baseline’s 77.80.

Zero vs. few-shot: For the LLMs, overall, few-
shot prompting yields a consistent, but modest,
improvement over zero-shot performance across
the majority of the datasets (see Table 4). Conse-
quently, the remainder of our analysis focuses on
the few-shot paradigm, as it represents the upper
bound of the models’ capabilities in this task.

Dataset Zero-shot Few-shot
ES-PT 82.80 84.15
GL-ES 80.65 82.35
GL-PT 74.45 78.50
Overall 79.30 81.60

Table 4: Comparison of zero-shot and few-shot mean
performance (%) across datasets.

Open vs. closed-weight performance: While
open-weight models like Gemma-3-27B, Qwen3-
235B, and Llama-3.3-70B show competitive re-
sults, closed-weight models obtain the best perfor-
mance, in particular, the Grok family achieving
over 90% of accuracy (Table 5).

Model scale performance: Most models under
10B parameters struggle significantly with the task,
particularly the Llama-3.2-3b (52.20%). Never-
theless, it should be noted that baseline experi-
ments outperform those obtained by models of
this size. In the medium-sized category (10B—
50B), performance stabilizes: Mistral-small-3.2-
24b and Gemma-3-27b-it demonstrate high effi-
ciency, with both exceeding the 80% accuracy.
Notably, Gemma-3-27B surpasses much larger
models, such as Llama-3.3-70B (85.70%) and
DeepSeek-Chat-v3.1 (85.13%).

Language pair: Overall, linguistic distance
tends to be inversely related to model performance:
pairs with greater distance (e.g., ES-PT) are gen-
erally easier to resolve, while closely related pairs
(e.g., GL-PT) tend to be more challenging, with
ES—GL exhibiting intermediate performance. For
instance, Gemini-2.0-flash exhibits a performance
drop from 90.80% for the GL-ES pair to 81.75% in
GL-PT. This degradation is expected, given the lin-
guistic proximity between Galician and Portuguese,
which increases the difficulty of identifying se-
mantic divergences. Additionally, the substantially
larger presence of Portuguese data in training cor-
pora may introduce a bias toward Portuguese in-
terpretations. Only the highest-performing closed
models, such as Grok-4-fast, have demonstrated
consistent efficiency on GL-PT (94.05%).

Analysis of classification bias: Beyond perfor-
mance metrics, we analyze model behavior by mea-



Encoder models

Method Family Model ES-PT GL-ES GL-PT | AVG
Baseline XLM (large) XL-Lexeme 81.50 81.50 70.50 77.80
Log. Regression XLM (large) XL-Lexeme 7550 [IG3B0M 71.50 | 70.16
Open-weight LLMs
Size Family Model ES-PT GL-ES GL-PT | AVG
Small [<10B] Google gemma-2-9b-it 72.35 69.00 68.85 70.00
gemma-3-4b-it 73.55 78.00 71.35 74.30
Meta Ilama-3.1-8b-instruct 66.70 65.00 65.65 65.78
llama-3.2-3b-instruct
Microsoft phi-3-mini-128k 68.50 66.00 72.90
Mistral Al ministral-3b 76.00 72.50
mixtral-8x7b 68.85 76.00 - 68.98
Medium [10B-50B]  Google gemma-3-12b-it 85.80 82.50 78.95 82.41
gemma-3-27b-it 87.95 87.50 83.95 86.46
Microsoft phi-3-medium-128k 71.55 66.00 7290 | 70.15
phi-4-multimodal 86.80 86.00 82.50 | 85.10
phi-4-reasoning-plus 84.30 83.50 79.50 | 82.43
Qwen qwen3-30b 89.40 81.50 78.95 83.28
Mistral Al mistral-small-24b 87.40 86.65 77.60 | 83.83
mistral-small-3.2-24b  [JJONEON 85.50 81.15 | 86.01
Large [>50B] deepseek-chat-v3.1 83.50 80.55 85.13
Qwen qwen3-235b 89.05 89.81
gwen3-next-80b 87.60 86.50 86.60 86.90
Meta llama-3.3-70b-instruct [[JOIGSIN 84.50 80.85 | 85.70
Closed-weight LLMs
Google gemini-2.0-flash 87.50 81.75 86.68
gemini-2.5-flash 84.30 89.61
gemini-2.5-flash-lite 82.90 78.55 84.28
OpenAl gpt-4o-mini 85.95 79.50 77.40 80.95
gpt-4.1 88.40 87.87 89.55
gpt-4.1-mini 89.00 81.75 87.33
XAl grok-3-mini 88.75
grok-4 89.60
grok-4-fast 94.05

Table 5: Accuracy (%) results across models and language pairs. LLM performance is based on few-shot prompting.
The final column (AVG) denotes the macro-average accuracy across all datasets.

suring the deviation, defined as the absolute imbal-
ance between YES and NO in predictions. Results
in Table 12 (Appendix H, which reports models
with the highest deviation) show that performance
drops correlate with systematic bias (r = —0.73,
p = —0.66), rather than with random errors. This
pattern is particularly prevalent in models under
10B parameters. Specifically, Gemma-2-9B is
the only model exhibiting a consistent negative
bias, with a tendency to over-label pairs as false
friends. In contrast, models such as Llama-3.2-
3b and Mixtral-8x7b show a strong positive bias,
classifying the majority of instances as cognates.

6 Error Analysis

Following the general results from the previous
section, we perform a more detailed error analysis.

6.1 Error types

While the previous results included all 29 mod-
els, we now focus on a representative subset of
five architectures for a more detailed analysis:
Grok-4 (as state-of-the-art model), Qwen-3-235B
(high-capacity open-weight), Gemma-3-27B (high-
efficiency), Llama-3.1-8B and Gemma-2-9B (rep-
resentative of smaller open models). This selection
allows us to determine how different models handle
the linguistic phenomenon in our datasets.

Cognates and False Friends: As shown in the
left section of Table 6, Gemma-2-9B emerges as
an outlier, exhibiting a disproportionately high er-
ror rate for cognates. This pattern confirms a sys-
tematic bias toward over-predicting false friends,
causing the model to fail at recognizing semantic
equivalence.

Overall, the results indicate that performance



Pair Model Error type (%) POS errors (%)
COGN PFFs TFFs A N A%
Ilama-3.1-8b 10.99 65.71 46.75 23.33 43.22 13.95
gemma-2-9b-it 45.60 8.57 1.30 50.00 16.58 37.21
ES-PT gemma-3-27b-it 6.59 25.71 16.88 12.22 12.56 25.58
qwen3-235b 8.79 22.86 2.60 10.00 11.56 16.28
grok-4 6.04 8.57 0.00 4.44 6.53 6.98
AVERAGE 15.60 26.28 13.50 19.99 18.09 20.00
Ilama-3.1-8b 18.95 52.38 53.13 28.57 33.71 43.90
gemma-2-9b-it 43.16 3.17 12.50 50.00 34.83 21.95
GL-ES gemma-3-27b-it 11.58 7.94 9.38 21.43 8.99 17.07
gwen3-235b 2.11 11.11 21.88 7.14 10.11 14.63
grok-4 3.16 3.17 3.13 7.14 3.37 4.88
AVERAGE 15.79 15.55 20.00 22.85 18.20 20.48
llama-3.1-8b 18.95 47.62 56.25 12.20 38.61 42.31
gemma-2-9b-it 54.74 4.76 15.63 48.78 30.69 34.62
GL-PT gemma-3-27b-it 13.68 14.29 25.00 19.51 17.82 15.38
qwen3-235b 9.47 9.52 31.25 12.20 17.82 7.69
grok-4 5.26 6.35 9.38 12.20 6.93 0.00
AVERAGE 20.42 16.50 27.50 20.97 22.37 20.00

Table 6: Error analysis by error type (cognates, partial false friends, total false friends) and Part-of-Speech (adjectives,

nouns, verbs).

varies across language pairs. For the ES-PT pair,
partial false friends constitute the most challeng-
ing category. By contrast, for the pairs including
Galician (GL-ES and GL-PT), total false friends
dominate the error profile. This suggest that, in the
presence of strong similarity, models have greater
difficulty detecting diverging meanings. The full
distribution per word type is detailed in Table 8 in
Appendix A.

Part-of-Speech: A POS analysis was conducted
to identify grammatical categories more prone
to misclassifications, evaluated using category-
specific error rates. Due to their dominance
(91.47% of all instances, full distribution in Table
13, Appendix I), we focus on nouns (N), adjectives
(A), and verbs (V). As shown in Table 6, no overall
trend is observed across these categories, suggest-
ing that performance is driven by model capacity
and language pair, rather than by the specific POS.

6.2 Qualitative analysis

We complement the quantitative results with a qual-
itative analysis of individual model errors.

6.2.1

To further investigate the qualitative nature of er-
rors, we focus on word pairs most frequently mis-
classified across models, selecting those incorrectly
classified by at least half of them. Table 7 reports

Most frequent misclassifications

the most problematic cases for each language pair.
Overall, the analysis reveals that both cognates
and false friends are major sources of error. For
instance, models often treat marmelada (PT ‘mar-
malade’) and mermelada (ES ‘jam’) as equivalent,
overlooking subtle lexical differences. Similarly,
in the GL-ES pair, almorzar causes confusion due
to mismatched meanings (GL ‘breakfast’ vs. ES
‘lunch’). In GL-PT, bacharelato is misinterpreted,
as it denotes different educational levels in each
language. Many cases involve partial false friends,
further complicating the task for the models.

Word-Pairs Pair Type Err.
mermelada—marmelada ES-PT FF 27/29
individualizar—individualizar ES-PT COG 27/29
grasa—graxa ES-PT FF 24/29
presentar—apresentar ES-PT COG 23/29
batata-batata ES-PT FF 21/29
almorzar—almorzar GL-ES FF 25/29
almorzo—almuerzo GL-ES FF 23/29
costume—costumbre GL-ES COG 21/29
reserva—reserva GL-ES COG 20729
bacharelato—bacharelato GL-PT FF 29/29
motorista—motorista GL-PT FF 27129
presente—presente GL-PT COG 27/29
COpO—COpo GL-PT COG 27/29
sobrenome-sobrenome GL-PT FF 27129

Table 7: Word pairs with the highest consensus misclas-
sifications across models. Err. column are proportions
of models (out of 29) that failed on each item.



6.2.2 Model reasoning and justification

To provide a more comprehensive analysis, we fur-
ther examine models’ justification and reasoning.
Thus, we manually analyzed the rationales from the
two smaller and generally underperforming models:
Llama-3.1-8B and Gemma-2-9b.

Cross-lingual interference: Our analysis shows
that a recurrent error arises from the models insuf-
ficient understanding of Galician, often confusing
it with Spanish. For instance, on the mentioned
almorzar, models justify their decision by stating
that both sentences refer to lunch, projecting the
Spanish meaning onto Galician term. Similar cross-
lingual interference is observed in pairs such as rato
(GL ‘mouse’ vs. ES ‘a while’) or ano (GL ‘year’
vs. ES ‘anus’), where explanations consistently
reflect the Spanish interpretation also in Galician.

Hallucinations: In addition, both models exhibit
hallucinations when lexical knowledge is lacking.
For example, foro (GL ‘slice’) is incorrectly de-
scribed as a type of fish, suggesting that models do
not know the actual meaning in Galician and they
attempt to infer it from context.

Overgeneralization: We also observe cases
where models try to justify similarity. For ofic-
ina (PT ‘workshop’ vs. ES ‘office’), Llama-3.1-
8B overgeneralized by claiming that both refer to
‘a workplace where administrative tasks are car-
ried out’, ignoring the Portuguese sense. We also
observed cases of semantic over-interpretation in
Gemma-2-9B: For hiimido (GL/PT ‘humid’), the
model incorrectly classified it as a false friend, ar-
guing that ‘the first refers to humid weather, while
the second refers to a humid climate’. This finding
suggests that, despite the model’s ability to capture
the overarching concept, its inherent bias may lead
to the differentiation of identical concepts.

6.3 Translation analysis

In order to further investigate the potential implica-
tions of mishandling false friends, we perform an
experiment on a machine translation task. We eval-
uate false friends retention by translating sentences
using a subset of LLMs (see Appendix K). To au-
tomate interference detection, we lemmatize the
output with FreeLing and identify cases where the
model incorrectly preserves the false friend lemma
in the target language.

Our analysis shows that, while models gener-
ally handle frequent terms well, there are persistent

cases of false friend interference. For instance,
in Galician—Spanish translation, the Galician verb
chocar (GL ‘to brood’) is incorrectly translated
following its Spanish false friend (ES ‘to collide’).
Similarly, in PT-ES pairs, the term salsa (PT ‘pars-
ley’) is mistranslated as salsa (ES ‘sauce’) instead
of perejil. These errors, while infrequent, can ham-
per the reliability of machine translation systems
when dealing with closely-related languages.

7 Conclusion and Future Work

This paper presented a comprehensive evaluation of
how current LLMs handle cross-lingual semantic
ambiguity in related linguistic varieties: Galician,
Portuguese and Spanish. For this purpose, we in-
troduced a novel, WiC-style manually validated
dataset of cognates and false friends. Our experi-
mental results led to several findings. First, while
specialized multilingual encoders like XL-Lexeme
provide a strong baseline, they are often surpassed
by medium and large generative models. Specifi-
cally, the few-shot setting provides a consistent im-
provement over zero-shot and embeddings-based
configurations. Closed-weight models (e.g., Grok-
4-fast) achieve superior performance, but large and
medium-sized open-weight models (e.g., Gemma-
3-27B or Qwen-235B) show competitive results.
However, we observe a significant performance
drop in smaller models (<10B), suggesting that a
minimum scale is required to resolve semantic in-
terference in related varieties. The outcomes of
a qualitative analysis show that greater linguistic
distance between languages reduces semantic am-
biguity, thereby facilitating disambiguation. Con-
sequently, the GL-PT pair is the most challeng-
ing configuration across all experiments, indicating
that languages with high lexical overlap pose dif-
ficulties for models both in distinguishing senses
and in treating them as separate languages. Finally,
false friends—both total and partial—remain a per-
sistent challenge for current LLMs.

In future work, we plan to extend this study by
expanding the datasets with more examples, richer
contexts, and additional languages. Future analy-
ses may also consider the role of lexical frequency
and degrees of ambiguity (e.g., as defined in Word-
Net) in model performance. Finally, extending
the assessment to additional downstream tasks (ex-
panding the analysis on machine translation) would
help assess the impact in real-world scenarios.



Limitations

Data: In our study there are some limitations
regarding the dataset. First, the use of sentences
from Wikipedia may not fully reflect language in
other domains. Second, while the datasets are bal-
anced, the overall number of instances remains
relatively small. Similarly, the fact that we deal
with three specific languages pairs may prevent us
from drawing more general conclusions about the
cross-lingual capabilities of the evaluated models.
Furthermore, the datasets are focused on nouns, ad-
jectives, and verbs, with a limited representation of
other lexical categories. Finally, there is an inher-
ent risk of data contamination, as the false-friends
sources and the contextual sentences might have
been included in the model’s pre-training corpora.

Models: In our evaluation we include closed-
weight models for which information regarding
the architecture and training data is not publicly
available. Additionally, our prompt-based exper-
iments are limited to specific zero and few-shot
configurations; alternative strategies could yield
different performance patterns.

Justification analysis: In this study, we ask mod-
els to provide a short justification for their predic-
tions. However, we do not conduct a quantitative
analysis of the logical consistency of these justi-
fications. For that reason, there is the possibility
of models hallucinating while still producing the
correct answer. A rigorous human evaluation is re-
quired to confirm whether models understand these
semantic distinctions.
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A Complete Dataset Statistics

C Baseline experiments

Dataset Pair COG TFFs PFFs Tot.
Auto ES-PT 152 66 87 304
Auto GL-ES 50 30 20 100
Auto GL-PT 65 22 43 130
Human  ES-PT 30 11 19 60
Human GL-ES 25 16 9 50
Human  GL-PT 30 10 20 60

Table 8: Distribution of cognates (COG), total false
friends (TFF), and partial false friends (PFF) for each
language pair and data source (automatic or human cre-
ated). The table also reports the total number of word
pairs in each subset (Tot.).

B False Friends Resources

Online Resources:

e https://ec.europa.eu/translation/
portuguese/magazine/documents/
folha47_lista_pt.pdf

https://github.com/pln-fing-udelar/
false-friends/tree/master

https://www.lingua.gal/c/
document_library/get_file?
file_path=/portal-lingua/curso/
medio-administrativo/_13_
falsosamigos.pdf

Academic Works and Books:

* Ramos, E. Portugalizar. Portugués para gale-
gofalantes.

* Vidal Figueiroa, T. Presuntos falsos amigos
entre portugués e galego. (VOL. I-1I-1II)
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Model Pair L. Thr. Acc. F1
bert-base-multilingual-uncased
ES-PT 12 058 0.73 0.75
GL-ES 12 0.62 0.79 0.76
GL-PT 8 0.70 0.58 0.68
H-ES-PT 12 0.56 0.73 0.77
H-GL-ES 9 0.76 0.74 0.78
H-GL-PT 0 0.76 0.57 0.58
bert-base-multilingual-cased
ES-PT 9 074 0.69 0.72
GL-ES 8 0.62 071 0.76
GL-PT 10 0.74 0.53 0.66
H-ES-PT 8 0.68 0.72 0.76
H-GL-ES 12 0.52 0.76 0.76
H-GL-PT 7 0.70 0.60 0.71
pierluigic/xl-lexeme
ES-PT 13 0.82 0.81 0.83
GL-ES 14 0.82 0.83 0.83
GL-PT 16 0.80 0.68 0.72
H-ES-PT 20 092 0.82 0.83
H-GL-ES 15 0.82 0.80 0.82
H-GL-PT 14 0.84 0.73 0.76
xlm-roberta-base
ES-PT 6 084 0.69 0.74
GL-ES 3 088 0.70 0.69
GL-PT 12 098 0.54 0.68
H-ES-PT 6 0.86 0.68 0.72
H-GL-ES 0 0.22 066 0.74
H-GL-PT 5 0.80 0.60 0.71
xlm-roberta-large
ES-PT 14 0.86 0.73 0.74
GL-ES 13 0.86 0.72 0.75
GL-PT 13 0.84 0.63 0.71
H-ES-PT 13 0.88 0.75 0.78
H-GL-ES 11 0.88 0.68 0.75
H-GL-PT 13 0.88 0.68 0.75

Table 9: Results for baseline experiments for all the
models. We report the optimal transformer layer (L) and
the decision threshold (Thr.), alongside classification
Accuracy (Acc.) and F1-score for each language pairs.
Bold values indicate the highest F1-score.

D Explained results
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Encoder models

Method Family Model ES-PT GL-ES GL-PT H-ES-PT H-GL-ES H-GL-PT | AVG
Baseline XLM (large) XL-Lexeme 81.25 83.00 68.46 81.67 80.00 73.33 77.80
Log. Regression XLM (large) XL-Lexeme 73.36 67.00 70.00 78.30 64.00 73.30 70.16
Open-weight LLMs
Size Family Model ES-PT GL-ES GL-PT H-ES-PT H-GL-ES H-GL-PT | AVG
Small [<10B] Google gemma-2-9b-it 71.40 68.00 67.70 73.30 70.00 70.00 70.00
gemma-3-4b 76.70
Meta 1lama-3.1-8b 68.30
1lama-3.2-3b
Microsoft phi-3-mini-128k
Mistral AT ministral-3b
mixtral-8x7b
Medium [10B-50B]  Google gemma-3-12b-it 81.60 81.00 81.70 82.41
gemma-3-27b-it 85.90 87.00 83.30 86.46
Microsoft phi-3-medium-128k 71.40 70.00 75.00 70.15
phi-4-multimodal 80.30 84.00 I / 85.00 85.10
phi-4-reasoning-plus 81.90 83.00 72.30 86.70 84.00 86.70 82.43
Qwen qwen3-30b-a3b 85.50 83.00 76.20 80.00 81.70 83.28
Mistral AT mistral-small-24b 86.50 87.00 76.90 88.30 86.00 78.30 83.83
mistral-small-3.2-24b | 87.80 85.00 8230 |OSIO0N  86.00 80.00 86.01
Large [>50B] DeepSeek deepseek-chat-v3.1
Qwen qwen3-235b
qwen3-next-80b
Meta 1lama-3.3-70b
Closed-weight LLLMs
Google gemini-2.0-flash
gemini-2.5-flash
gemini-2.5-flash-lite 80.60 87.00
OpenAl gpt-4o0-mini 85.20 79.00
gpt-4.1 86.80
gpt-4.1-mini
XAl grok-3-mini
grok-4-fast
grok-4

Table 10: Accuracy(%) results across models and language pairs for semi-automatic and manual constructed
datasets (H). LLM performance is based on few-shot prompting. The final column (AVG) denotes the macro-average
accuracy across all datasets.

E Zero-shot prompt Example 1:
. TARGET WORD 1: fabricar SENTENCE 1: A
Task: Decide whether the target words slia empresa fabrica cadeiras de madeira
have the same sense in both sentences. TARGET WORD 2: fabricar SENTENCE 2: Eles
TARGET WORD 1: {w1}  SENTENCE 1: {s1} fabricam brinquedos para as criangas.
TARGET WORD 2: {w2}  SENTENCE 2: {s2} Label: YES Reason: Both refers to the
Rules: action of making. Example 2:
- Analyze only the meaning of the target TARGET WORD 1: brinco SENTENCE 1: Maria
words in their respective contexts. deu un brinco de alegria cando 1lle
- Ignore grammatical or syntactic dixeron que ia ser nai. TARGET WORD 2:
differences unless they affect the brinco SENTENCE 2: Ela colocou um brinco
meaning. dourado para combinar com o vestido.
- If the meaning of the target words is Label: NO Reason: The first refers to a
the same, respond with: “Label: YES”. jump of joy, while the second refers to
- If the meaning of the target words is a piece of jewelry.
different, respond with: “Label: NO”. Rules:
- Provide a concise explanation for your Analyze only the meaning of the target
decision in the format: “Reason: <short words in their respective contexts.
sentence>”. i i i - Ignore grammatical or syntactic
- Ensure the output is strictly in differences unless they affect the
plain text and follows the exact format meaning.
specified. - If the meaning of the target words is
the same, respond with: "Label: YES”

F Few-shot prompt - If the meaning of the target words is

Task: Decide whether the target words different, respond with: “Label: NO

have the same sense in both sentences.

TARGET WORD 1: wi
TARGET WORD 2: w2
Examples:

SENTENCE 1:
SENTENCE 2:

s
s2
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- Provide a concise explanation for your

decision in the format: "Reason: <short

sentence>"
- Ensure the output is strictly in



plain text and follows the exact format
specified.

G Mean Zero vs. Few-shot

Dataset ZERO mean FEW mean

ES-PT 81.00 82.50
GL-ES 78.70 82.10
GL-PT 72.30 76.30
H-ES-PT 84.60 85.80
H-GL-ES 82.60 82.60
H-GL-PT 76.60 80.70
Overall 79.30 81.60

Table 11: Comparison between zero-shot and few-shot
mean performance (%) across the six datasets.

H Deviation

Model Pair Dev. Acc.

llama-3.2-3b-instruct GL-ES  0.75 50.00
mixtral-8x7b-instruct GL-PT 0.67 62.10
gemma-2-9b-it GL-ES 0.64 69.00
llama-3.2-3b-instruct GL-PT 0.63  54.50
mixtral-8x7b-instruct ES-PT  0.57 68.85

ministral-3b GL-PT 0.57 61.65
llama-3.2-3b-instruct ES-PT  0.54 52.10
gemma-2-9b-it GL-PT 048 68.85
gemma-2-9b-it ES-PT 048 71.35

llama-3.1-8b-instruct ES-PT 047 66.70
mixtral-8x7b-instruct GL-ES 040 72.50
ministral-3b GL-ES 0.37 76.00

Table 12: Models with the highest prediction deviation
(Dev.) across language pairs (and corresponding overall
accuracy). Higher values indicate a systematic bias
toward one class.



I Part-of-Speech distribution

A A/N ART/N C PRON N N/NUM NP NR NV R V TOTAL
ES-PT 90 18 0 5 1 199 1 1 1 1 4 43 364
GL-ES 14 4 0 0 0 89 0 2 0 0 0 41 150
GL-PT 41 17 2 0 0 101 0 0 0 3 0 26 190

Table 13: Distribution of Part-of-Speech (POS) tags across all the datasets. Abbreviations include Adjectives (A),
Articles (ART), Conjunctions (C), Pronouns (PRON), Nouns (N), Numerals (NUM), Preposition (P), Adverbs (R),
and Verbs (V). Combined tags indicate lexical categories that vary between the two languages.

J Part-of-Speech error rates

Pair Model A (%) N (%) V(%)

ES-PT llama-3.1-8b 2333 4322  13.95
gemma-2-9b-it 50.00 16.58 37.21
gemma-3-27b-it 1222 12.56  25.58

gwen3-235b 10.00 11.56 16.28
grok-4 4.44 6.53 6.98
GL-ES 1llama-3.1-8b 28.57 3371 43.90

gemma-2-9b-it 50.00 34.83 21.95
gemma-3-27b-it  21.43 899 17.07

qwen3-235b 7.14  10.11 14.63
grok-4 7.14 3.37 4.88
GL-PT llama-3.1-8b 1220 38.61 4231

gemma-2-9b-it 48.78  30.69 34.62
gemma-3-27b-it 1951 17.82  15.38
qwen3-235b 1220 17.82 7.69
grok-4 12.20 6.93  00.00

Table 14: Error rates (%) per Part-of-Speech category (A = adjectives, N = nouns, V = verbs). Each value represents
the percentage of misclassified instances within each category for each model and language pair.

K Translation models
+ Qwen3-235B-A22B-2507*

o GPT-40-mini’

e Grok-4.1-Fast®

“https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
Shttps://platform.openai.com/docs/models/gpt-4o-mini
Shttps://x.ai/news/grok-4-1-fast
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