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Abstract001

The linguistic proximity between Galician, Por-002
tuguese, and Spanish results in a lexical overlap003
that often conceals semantic interference. This004
is particularly evident in false friends, posing a005
challenge for NLP systems. In this work, we as-006
sess whether state-of-the-art language models007
can identify and process false friends among008
these languages. We introduce six cross-lingual009
datasets –created using semi-automatic meth-010
ods or manual construction and all carefully011
verified– covering cognates and false friends.012
We evaluate a broad range of encoder and de-013
coder models of varying sizes via zero-shot014
and few-shot settings. Our results show that015
closed-weight models achieve the highest accu-016
racy and medium-weight models demonstrate a017
strong balance of efficiency, while smaller mod-018
els struggle with systematic issues and biases.019
Notably, we find that linguistic proximity it-020
self introduces errors: closely related language021
pairs tend to perform worse, reflecting the chal-022
lenge of semantic discrimination due to lexical023
overlap.024

1 Introduction025

Closely related languages exhibit a high degree of026

lexical and orthographic similarity, which can facil-027

itate cross-lingual understanding but also give rise028

to systematic semantic ambiguity (Kallini et al.,029

2025). This issue is especially salient for closely030

related Romance languages such as Spanish, Por-031

tuguese, and Galician, which share a substantial032

portion of their vocabulary (Garcia et al., 2018),033

increasing the risk of semantic interference.034

In bilingual and multilingual contexts, formally035

similar words are categorized as cognates: words036

across different languages that share a common037

etymological origin and maintain the same mean-038

ing, for example the Galician and Portuguese039

form ponte with the meaning of ‘bridge’. How-040

ever, cognates may diverge semantically over time;041

such cases are commonly referred to as false cog- 042

nates or false friends. These are pairs that, de- 043

spite their shared origin, have developed distinct 044

meanings (Dominguez and Nerlich, 2002; Allan, 045

2009; Chamizo-Domínguez, 2012), often leading 046

to cross-lingual interference. For instance, the 047

Portuguese adjective esquisito means ‘strange’ or 048

‘odd’, whereas the Spanish adjective exquisito de- 049

notes something ‘refined’ or ‘excellent’. As sim- 050

ilar words are often assumed to share meaning, 051

these phenomena are problematic both for second- 052

language learners and bilingual speakers (Durán Es- 053

cribano, 2004; Brenders et al., 2011), and also for 054

computational language models (Limisiewicz et al., 055

2023; Cahyawijaya et al., 2025). 056

The proliferation of multilingual Large Lan- 057

guage Models (LLMs) raises the question of 058

whether these models can handle cross-lingual se- 059

mantic ambiguity. In this context, false friends and 060

cognates constitute a valuable diagnostic of lexical 061

processing. Analyzing whether language models 062

can identify false friends, and determining which 063

contexts and cases are more challenging, is crucial 064

for assessing their cross-lingual capabilities. 065

Our study investigates the ability of state-of- 066

the-art models to detect and process false friends 067

and cognates in closely related varieties (Gali- 068

cian, Portuguese, and Spanish), which coexist in 069

regions such as the Iberian Peninsula and Latin 070

America, and are frequently considered jointly 071

in evaluation efforts and multilingual modeling 072

(Gonzalez-Agirre et al., 2025; Ángel González 073

et al., 2026). To this end, we introduce new cross- 074

lingual datasets of cognates and false friends in 075

context for these three languages, combining auto- 076

matically extracted sentences with manually cre- 077

ated examples. We evaluate these cross-lingual phe- 078

nomena using encoder and decoder models. First, 079

we establish an unsupervised baseline and train 080

a logistic regression classifier to assess whether 081

cognates and false friends can be distinguished 082
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from contextualized embeddings. We then evaluate083

current LLMs on a contextual semantic judgment084

task, where models must decide whether two target085

words are semantically equivalent in context, eval-086

uating both zero-shot and few-shot settings. Our087

results, complemented by qualitative analysis and088

a preliminary evaluation in machine translation,089

show that although closed-weight LLMs demon-090

strate strong disambiguation abilities, cross-lingual091

semantic ambiguity remains challenging for most092

models, particularly in closely related language093

pairs. All new resources will be freely released.094

2 Related work095

Beyond traditional Word Sense Disambiguation,096

which identifies the intended meaning of a word in097

context typically by linking it to predefined sense098

inventories (Navigli, 2009; Bevilacqua et al., 2021),099

Word-in-Context (WiC) has become increasingly100

popular for evaluating contextualized word mean-101

ing in an inventory-free manner. WiC (Pilehvar and102

Camacho-Collados, 2019) has reformulated lexi-103

cal semantic evaluation as a binary classification104

task, determining whether a target word is used105

with the same meaning in two different contexts.106

This approach avoids reliance on explicit sense in-107

ventories and has been extended to multilingual108

and cross-lingual settings, including XL-WiC (Ra-109

ganato et al., 2020) and MCL-WiC (Martelli et al.,110

2021), making it particularly suitable for analyzing111

multilingual LLMs.112

In this regard, while multilingual LLMs pro-113

vide coverage across dozens of languages, their114

performance often degrades in non-English con-115

texts (Zhang et al., 2023), which can be attributed116

in large part to the predominance of English data117

in their training corpora (Xu et al., 2025). In cross-118

lingual scenarios, lexical overlap often introduces119

semantic interference in closely related languages,120

where orthographic similarity (categorized as cog-121

nates or false friends) may mask divergent senses.122

Prior works in this area have focused on the au-123

tomatic identification of cognates and false friends124

at the word level. Early approaches addressed the125

identification of cognates and false friends using126

bilingual corpora (Mitkov et al., 2007). Subsequent127

studies have relied on word embeddings and vector-128

space models for the automatic detection of false129

friends (Torres and Aluísio, 2011; Ljubešić and130

Fišer, 2013; Castro et al., 2018; Periñán-Pascual131

and Fernández Martínez, 2025), as well as for cog-132

nate detection (Batsuren et al., 2019; Akavarapu 133

and Bhattacharya, 2024). Alternative approaches 134

have treated false friend identification as a classifi- 135

cation task (Nikov et al., 2024). Other studies have 136

proposed unsupervised methods for constructing 137

multilingual lexicons of false friends across multi- 138

ple languages Uban and Dinu (2020), or conduct 139

linguistic analyses of semantic false friends and 140

borrowings accompanied by automatic correction 141

methods (Uban et al., 2025). In addition, it has 142

been also examined the effect of vocabulary over- 143

lap in multilingual LLMs (Kallini et al., 2025). De- 144

spite these advancements, recent studies have high- 145

lighted limitations in the contextual disambigua- 146

tion capabilities of multilingual LLMs. Specifi- 147

cally, Cahyawijaya et al. (2025) demonstrates that 148

state-of-the-art models continue to struggle with 149

false friends, where shared orthography across lan- 150

guages triggers incorrect semantic transfer despite 151

conflicting contextual cues. 152

Some studies on false friends and cognates 153

have focused on descriptive analyses or vocab- 154

ulary lists between Galician, Spanish, and Por- 155

tuguese (Bragado Trigo, 2006; Figueroa, 1995), 156

with small initial WiC datasets available for Gali- 157

cian and Spanish (Abuín and Garcia, 2025). For 158

the Spanish–Portuguese language pair, recent com- 159

putational approaches have been proposed (Castro 160

et al., 2018; Uban et al., 2025). Including Gali- 161

cian constitutes a compelling challenge, as it is 162

closely related to Portuguese while strongly influ- 163

enced by Spanish. In this work, we introduce new 164

WiC-like multilingual datasets of false friends and 165

cognates and present a systematic evaluation of 166

current LLMs using a range of methods. 167

3 Dataset construction 168

To evaluate the cross-lingual abilities of LLMs on 169

lexical semantics, we build a multilingual WiC- 170

style dataset including cognates and false friends. 171

Each instance consists of a word pair in two lan- 172

guages and two contextualized instances, illustrat- 173

ing the sense of the target words (see Table 1). 174

Languages: Galician, Portuguese and Span- 175

ish constitute a closely related group of Ibero- 176

Romance languages. While Galician and Por- 177

tuguese have historically been considered varieties 178

of the same language, Galician has been influenced 179

by Spanish due to its status as a lower-prestige 180

language in Spain and an official orthography mod- 181

eled after Spanish conventions (Samartim, 2012). 182
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Dataset W1 S1 W2 S2 Label POS
ES–PT TALHER Deve ser comido apenas com

as mãos, jamais com talheres.
It should only be eaten with
your hands, never with cut-
lery.

TALLER También tiene un moderno
taller de restauración.
It also has a modern restora-
tion workshop.

False Friend N

GL–PT VOTO Só se permite un voto por fa-
milia.
Only one vote is allowed per
family.

VOTO Havia apenas dois votos a fa-
vor da proposta.
There were only two votes in
favor of the proposal.

Cognate N

Table 1: Example instances from our dataset. Columns report the language pair (Dataset), the target words (W1/W2)
together with their contextual sentences (S1/S2), the semantic relation label (False Friend or Cognate), and the
Part-of-Speech (POS).

Although Portuguese and Spanish also share simi-183

larities, they exhibit more pronounced orthographic184

differences. These asymmetric statuses, combined185

with the fact that in some cases the languages co-186

exist in overlapping territories and are included in187

multilingual LLMs and related initiatives, make188

this triad a compelling testbed for assessing cross-189

lingual semantic disambiguation.190

Semantic phenomena: The datasets incorporate191

both cognates and false friends, further categorized192

into total, whose meanings have diverged across193

languages (e.g., carpeta, ES ‘folder’ vs. carpete,194

PT ‘carpet’), and partial false friends, where at195

least one sense differs while others may still over-196

lap (e.g., balón, GL ‘ball’ vs. balão, PT ‘balloon’197

or ‘ball’). The datasets include strict homographs198

(e.g., propina, meaning tip in ES vs. fee in PT)199

as well as similar forms resulting from language-200

specific evolution. Specifically, we account for sys-201

tematic morphological variations (e.g., PT trabalho202

vs. ES trabajo) and phonological divergences, such203

as the preservation of diphthongs in Galician and204

Portuguese in contrast to the Spanish simplifica-205

tion (e.g., GL/PT touro vs. ES toro). These forms206

capture the subtle lexical nuances and inter-lingual207

overlaps that pose significant challenges for word208

sense disambiguation in multilingual models.209

Data compilation: The datasets were con-210

structed using two complementary resources, one211

targeting false friends and the other cognates. False212

friends pairs were manually compiled from lan-213

guage learning materials and online pedagogical re-214

sources for the relevant language pairs (a complete215

list of resources is provided in Appendix B). These216

items correspond to words that are known to be217

problematic for second-language learners or bilin-218

guals due to cross-linguistic similarity. Each pair219

was then annotated as either a total or partial false220

friend depending on the degree of semantic overlap. 221

Regarding cognate pairs, they were automatically 222

extracted from WordNet (Miller et al., 1990) by 223

identifying synsets shared between the two lan- 224

guages using the Multilingual Central Repository 225

(MCR) 3.0 (Gonzalez-Agirre et al., 2012). In order 226

to maintain balance between categories, an equiva- 227

lent number of cognate pairs was selected in each 228

respective language pair. To obtain example sen- 229

tences, we first obtained 2024 Wikipedia dumps 230

for each language, which were tokenized and lem- 231

matized using FreeLing (Padró and Stanilovsky, 232

2012). We then extracted up to ten contextualized 233

sentences per word for each language, and a na- 234

tive or near-native speaker of the three languages 235

with a background in Linguistics selected the most 236

representative examples. 237

Annotation task: The resulting sentences were 238

validated by two annotators with a linguistic back- 239

ground. The task consisted of verifying (i) whether 240

the target word in each sentence correctly reflected 241

the assigned sense, and (ii) whether the seman- 242

tic relation remained valid in context. Disagree- 243

ments were discussed, and when no consensus was 244

reached, the pairs were discarded to maintain high- 245

quality and balanced datasets. 246

Human-authored subset: In addition to the 247

semi-automatically constructed data, we derived 248

a human-authored subset from the validated in- 249

stances. For each language pair, we randomly 250

sampled between 50 and 60 word pairs and asked 251

annotators to produce new sentences containing 252

the same target words and preserving the original 253

senses. These newly created sentences underwent 254

the same validation procedure as described above. 255

Dataset statistics: Table 2 presents an overview 256

of the dataset per language pair. In total, our 257

data contain 704 validated cross-lingual word pairs, 258
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each one associated with two sentences, thus total-259

ing 1,408 examples. Each set is balanced in number260

of cognates and false friends, the latter divided into261

total and partial, as detailed in Appendix 81.262

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 Setup263

Our experiments follow two complementary264

paradigms: (i) WiC-based standard methods on265

encoder models, and (ii) prompt-based approaches266

using LLMs, in zero-shot and few-shot settings.267

4.1 Encoder experiments268

Unsupervised Baseline: We implement a base-269

line based on the cosine similarity between the270

contextualized embeddings of the target word pair.271

Following a binary classification approach, a pair272

is labeled as same sense if its similarity exceeds a273

given threshold, and as different sense otherwise.274

We explore thresholds from 0.00 to 1.00 in steps of275

0.02 across all layers, and select the layer-threshold276

combination that yields the highest accuracy.277

Logistic Regression: In line with the supervised278

framework described by Wang et al. (2019), we279

train logistic regression classifiers using the con-280

catenated contextualized embeddings of the target281

word pair. To maintain consistency across experi-282

ments, we select the layer with the highest perfor-283

mance on the baseline experiment. We employ the284

minicons library (Misra, 2022)2 to extract contex-285

tualized word representations from HuggingFace’s286

Transformers (Wolf et al., 2020). For evaluation on287

a specific language pair, the model is trained using288

the combined data from the remaining two pairs.289

Models: We use the following multilingual en-290

coders: mBERT (cased and uncased) (Devlin et al.,291

2019), XLM-RoBERTa (base and large) (Conneau292

1For 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- 293

large trained with a combination of various WiC- 294

like datasets (Cassotti et al., 2023). 295

4.2 Prompt-based LLMs 296

We evaluate LLMs in zero-shot and few-shot (k = 297

2) configurations. Given target words W1 and W2, 298

and their corresponding sentences S1 and S2 (each 299

from a different language), the model must perform 300

a binary decision: YES if the target words are se- 301

mantically equivalent, or NO if they refer to distinct 302

senses. To enable automated parsing, we constrain 303

the output format and require a brief justification 304

for each decision (see Appendix E and F for the 305

prompts used in both settings). The justification 306

is not used for scoring, and it is included only to 307

support qualitative error analyses. For the few-shot 308

setting, we provide two balanced examples specific 309

to each language pair: one representing a cognate 310

(YES), and one a false friend (NO). These examples 311

are excluded from the test set. Prompts remain 312

fixed across all models to ensure a fair comparison. 313

Models: For the prompt-based evaluation, we 314

consider a broad range of open and closed-weight 315

multilingual LLMs. The closed-weight group in- 316

cludes Gemini 2.0 and 2.5 (Comanici et al., 2025), 317

GPT-4o-mini and GPT-4.1 (OpenAI et al., 2024), 318

and Grok-3 and Grok-4. Among the open-weight 319

models, we selected Gemma-2 (Team et al., 2024) 320

and Gemma-3 (Team et al., 2025), Qwen-3 (Yang 321

et al., 2025), Phi-3 (Abdin et al., 2024), Phi-4 (Ab- 322

din et al., 2025), Deepseek-V3 (DeepSeek-AI et al., 323

2025), Llama 3 series (Grattafiori et al., 2024) and 324

Mistral (Jiang et al., 2023, 2024). These models 325

span various scales, from 3B to over 200B parame- 326

ters. For clarity, Table 3 summarizes the evaluated 327

models, grouped by availability, size, and family. 328

5 Results 329

This section presents the experimental results, us- 330

ing the average of each language pair based on both 331

subsets of the data (semi-automatic and manual).3 332

Encoder models: Among the encoder models, 333

XL-Lexeme —an XLM-RoBERTa-large adapted 334

to WiC-like tasks— achieved the best performance 335

in the baseline method (see Table 9 in Appendix C 336

for the complete baseline results). XL-Lexeme 337

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 qwen3-30b-a3b-instruct-2507

Large [>50B] DeepSeek deepseek-chat-v3.1†

Meta llama-3.1-70b-instruct, llama-3.2-70b-instruct
Qwen qwen3-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
OpenAI gpt-4o-mini, gpt-4.1, gpt-4.1-mini
xAI 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-338

gistic regression classifiers, whose best results are339

reported in the first rows of Table 5. Despite op-340

timizing both the layer and decision threshold for341

each language pair, this method underperformed342

the baseline in all cases (except GL–PT, where it343

was one accuracy point higher), yielding an average344

accuracy of 70.16 versus the baseline’s 77.80.345

Zero vs. few-shot: For the LLMs, overall, few-346

shot prompting yields a consistent, but modest,347

improvement over zero-shot performance across348

the majority of the datasets (see Table 4). Conse-349

quently, the remainder of our analysis focuses on350

the few-shot paradigm, as it represents the upper351

bound of the models’ capabilities in this task.352

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: While353

open-weight models like Gemma-3-27B, Qwen3-354

235B, and Llama-3.3-70B show competitive re-355

sults, closed-weight models obtain the best perfor-356

mance, in particular, the Grok family achieving357

over 90% of accuracy (Table 5).358

Model scale performance: Most models under 359

10B parameters struggle significantly with the task, 360

particularly the Llama-3.2-3b (52.20%). Never- 361

theless, it should be noted that baseline experi- 362

ments outperform those obtained by models of 363

this size. In the medium-sized category (10B– 364

50B), performance stabilizes: Mistral-small-3.2- 365

24b and Gemma-3-27b-it demonstrate high effi- 366

ciency, with both exceeding the 80% accuracy. 367

Notably, Gemma-3-27B surpasses much larger 368

models, such as Llama-3.3-70B (85.70%) and 369

DeepSeek-Chat-v3.1 (85.13%). 370

Language pair: Overall, linguistic distance 371

tends to be inversely related to model performance: 372

pairs with greater distance (e.g., ES–PT) are gen- 373

erally easier to resolve, while closely related pairs 374

(e.g., GL–PT) tend to be more challenging, with 375

ES–GL exhibiting intermediate performance. For 376

instance, Gemini-2.0-flash exhibits a performance 377

drop from 90.80% for the GL–ES pair to 81.75% in 378

GL–PT. This degradation is expected, given the lin- 379

guistic proximity between Galician and Portuguese, 380

which increases the difficulty of identifying se- 381

mantic divergences. Additionally, the substantially 382

larger presence of Portuguese data in training cor- 383

pora may introduce a bias toward Portuguese in- 384

terpretations. Only the highest-performing closed 385

models, such as Grok-4-fast, have demonstrated 386

consistent efficiency on GL–PT (94.05%). 387

Analysis of classification bias: Beyond perfor- 388

mance metrics, we analyze model behavior by mea- 389
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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 75.50 63.50 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 llama-3.1-8b-instruct 66.70 65.00 65.65 65.78

llama-3.2-3b-instruct 52.10 50.00 54.50 52.20
Microsoft phi-3-mini-128k 68.50 66.00 72.90 70.15
Mistral AI ministral-3b 76.00 72.50 61.65 70.05

mixtral-8x7b 68.85 76.00 62.10 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 72.90 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 AI mistral-small-24b 87.40 86.65 77.60 83.83

mistral-small-3.2-24b 91.40 85.50 81.15 86.01

Large [>50B] deepseek-chat-v3.1 91.05 83.50 80.55 85.13
Qwen qwen3-235b 90.40 90.00 89.05 89.81

qwen3-next-80b 87.60 86.50 86.60 86.90
Meta llama-3.3-70b-instruct 91.75 84.50 80.85 85.70

Closed-weight LLMs

Google gemini-2.0-flash 90.80 87.50 81.75 86.68
gemini-2.5-flash 92.55 91.50 84.30 89.61
gemini-2.5-flash-lite 82.90 91.50 78.55 84.28

OpenAI gpt-4o-mini 85.95 79.50 77.40 80.95
gpt-4.1 88.40 93.00 87.87 89.55
gpt-4.1-mini 91.25 89.00 81.75 87.33

xAI grok-3-mini 93.20 95.50 88.75 92.48
grok-4 96.05 91.50 89.60 92.38
grok-4-fast 95.40 96.00 94.05 95.15

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-390

ance between YES and NO in predictions. Results391

in Table 12 (Appendix H, which reports models392

with the highest deviation) show that performance393

drops correlate with systematic bias (r = −0.73,394

ρ = −0.66), rather than with random errors. This395

pattern is particularly prevalent in models under396

10B parameters. Specifically, Gemma-2-9B is397

the only model exhibiting a consistent negative398

bias, with a tendency to over-label pairs as false399

friends. In contrast, models such as Llama-3.2-400

3b and Mixtral-8x7b show a strong positive bias,401

classifying the majority of instances as cognates.402

6 Error Analysis403

Following the general results from the previous404

section, we perform a more detailed error analysis.405

6.1 Error types 406

While the previous results included all 29 mod- 407

els, we now focus on a representative subset of 408

five architectures for a more detailed analysis: 409

Grok-4 (as state-of-the-art model), Qwen-3-235B 410

(high-capacity open-weight), Gemma-3-27B (high- 411

efficiency), Llama-3.1-8B and Gemma-2-9B (rep- 412

resentative of smaller open models). This selection 413

allows us to determine how different models handle 414

the linguistic phenomenon in our datasets. 415

Cognates and False Friends: As shown in the 416

left section of Table 6, Gemma-2-9B emerges as 417

an outlier, exhibiting a disproportionately high er- 418

ror rate for cognates. This pattern confirms a sys- 419

tematic bias toward over-predicting false friends, 420

causing the model to fail at recognizing semantic 421

equivalence. 422

Overall, the results indicate that performance 423
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Pair Model Error type (%) POS errors (%)

COGN PFFs TFFs A N V

ES–PT

llama-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
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

GL–ES

llama-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
gemma-3-27b-it 11.58 7.94 9.38 21.43 8.99 17.07
qwen3-235b 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

GL–PT

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
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,424

partial false friends constitute the most challeng-425

ing category. By contrast, for the pairs including426

Galician (GL-ES and GL-PT), total false friends427

dominate the error profile. This suggest that, in the428

presence of strong similarity, models have greater429

difficulty detecting diverging meanings. The full430

distribution per word type is detailed in Table 8 in431

Appendix A.432

Part-of-Speech: A POS analysis was conducted433

to identify grammatical categories more prone434

to misclassifications, evaluated using category-435

specific error rates. Due to their dominance436

(91.47% of all instances, full distribution in Table437

13, Appendix I), we focus on nouns (N), adjectives438

(A), and verbs (V). As shown in Table 6, no overall439

trend is observed across these categories, suggest-440

ing that performance is driven by model capacity441

and language pair, rather than by the specific POS.442

6.2 Qualitative analysis443

We complement the quantitative results with a qual-444

itative analysis of individual model errors.445

6.2.1 Most frequent misclassifications446

To further investigate the qualitative nature of er-447

rors, we focus on word pairs most frequently mis-448

classified across models, selecting those incorrectly449

classified by at least half of them. Table 7 reports450

the most problematic cases for each language pair. 451

Overall, the analysis reveals that both cognates 452

and false friends are major sources of error. For 453

instance, models often treat marmelada (PT ‘mar- 454

malade’) and mermelada (ES ‘jam’) as equivalent, 455

overlooking subtle lexical differences. Similarly, 456

in the GL–ES pair, almorzar causes confusion due 457

to mismatched meanings (GL ‘breakfast’ vs. ES 458

‘lunch’). In GL–PT, bacharelato is misinterpreted, 459

as it denotes different educational levels in each 460

language. Many cases involve partial false friends, 461

further complicating the task for the models. 462

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 20/29
bacharelato–bacharelato GL–PT FF 29/29
motorista–motorista GL–PT FF 27/29
presente–presente GL–PT COG 27/29
copo–copo GL–PT COG 27/29
sobrenome–sobrenome GL–PT FF 27/29

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.
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6.2.2 Model reasoning and justification463

To provide a more comprehensive analysis, we fur-464

ther examine models’ justification and reasoning.465

Thus, we manually analyzed the rationales from the466

two smaller and generally underperforming models:467

Llama-3.1-8B and Gemma-2-9b.468

Cross-lingual interference: Our analysis shows469

that a recurrent error arises from the models insuf-470

ficient understanding of Galician, often confusing471

it with Spanish. For instance, on the mentioned472

almorzar, models justify their decision by stating473

that both sentences refer to lunch, projecting the474

Spanish meaning onto Galician term. Similar cross-475

lingual interference is observed in pairs such as rato476

(GL ‘mouse’ vs. ES ‘a while’) or ano (GL ‘year’477

vs. ES ‘anus’), where explanations consistently478

reflect the Spanish interpretation also in Galician.479

Hallucinations: In addition, both models exhibit480

hallucinations when lexical knowledge is lacking.481

For example, toro (GL ‘slice’) is incorrectly de-482

scribed as a type of fish, suggesting that models do483

not know the actual meaning in Galician and they484

attempt to infer it from context.485

Overgeneralization: We also observe cases486

where models try to justify similarity. For ofic-487

ina (PT ‘workshop’ vs. ES ‘office’), Llama-3.1-488

8B overgeneralized by claiming that both refer to489

‘a workplace where administrative tasks are car-490

ried out’, ignoring the Portuguese sense. We also491

observed cases of semantic over-interpretation in492

Gemma-2-9B: For húmido (GL/PT ‘humid’), the493

model incorrectly classified it as a false friend, ar-494

guing that ‘the first refers to humid weather, while495

the second refers to a humid climate’. This finding496

suggests that, despite the model’s ability to capture497

the overarching concept, its inherent bias may lead498

to the differentiation of identical concepts.499

6.3 Translation analysis500

In order to further investigate the potential implica-501

tions of mishandling false friends, we perform an502

experiment on a machine translation task. We eval-503

uate false friends retention by translating sentences504

using a subset of LLMs (see Appendix K). To au-505

tomate interference detection, we lemmatize the506

output with FreeLing and identify cases where the507

model incorrectly preserves the false friend lemma508

in the target language.509

Our analysis shows that, while models gener-510

ally handle frequent terms well, there are persistent511

cases of false friend interference. For instance, 512

in Galician–Spanish translation, the Galician verb 513

chocar (GL ‘to brood’) is incorrectly translated 514

following its Spanish false friend (ES ‘to collide’). 515

Similarly, in PT–ES pairs, the term salsa (PT ‘pars- 516

ley’) is mistranslated as salsa (ES ‘sauce’) instead 517

of perejil. These errors, while infrequent, can ham- 518

per the reliability of machine translation systems 519

when dealing with closely-related languages. 520

7 Conclusion and Future Work 521

This paper presented a comprehensive evaluation of 522

how current LLMs handle cross-lingual semantic 523

ambiguity in related linguistic varieties: Galician, 524

Portuguese and Spanish. For this purpose, we in- 525

troduced a novel, WiC-style manually validated 526

dataset of cognates and false friends. Our experi- 527

mental results led to several findings. First, while 528

specialized multilingual encoders like XL-Lexeme 529

provide a strong baseline, they are often surpassed 530

by medium and large generative models. Specifi- 531

cally, the few-shot setting provides a consistent im- 532

provement over zero-shot and embeddings-based 533

configurations. Closed-weight models (e.g., Grok- 534

4-fast) achieve superior performance, but large and 535

medium-sized open-weight models (e.g., Gemma- 536

3-27B or Qwen-235B) show competitive results. 537

However, we observe a significant performance 538

drop in smaller models (<10B), suggesting that a 539

minimum scale is required to resolve semantic in- 540

terference in related varieties. The outcomes of 541

a qualitative analysis show that greater linguistic 542

distance between languages reduces semantic am- 543

biguity, thereby facilitating disambiguation. Con- 544

sequently, the GL–PT pair is the most challeng- 545

ing configuration across all experiments, indicating 546

that languages with high lexical overlap pose dif- 547

ficulties for models both in distinguishing senses 548

and in treating them as separate languages. Finally, 549

false friends—both total and partial—remain a per- 550

sistent challenge for current LLMs. 551

In future work, we plan to extend this study by 552

expanding the datasets with more examples, richer 553

contexts, and additional languages. Future analy- 554

ses may also consider the role of lexical frequency 555

and degrees of ambiguity (e.g., as defined in Word- 556

Net) in model performance. Finally, extending 557

the assessment to additional downstream tasks (ex- 558

panding the analysis on machine translation) would 559

help assess the impact in real-world scenarios. 560
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Limitations561

Data: In our study there are some limitations562

regarding the dataset. First, the use of sentences563

from Wikipedia may not fully reflect language in564

other domains. Second, while the datasets are bal-565

anced, the overall number of instances remains566

relatively small. Similarly, the fact that we deal567

with three specific languages pairs may prevent us568

from drawing more general conclusions about the569

cross-lingual capabilities of the evaluated models.570

Furthermore, the datasets are focused on nouns, ad-571

jectives, and verbs, with a limited representation of572

other lexical categories. Finally, there is an inher-573

ent risk of data contamination, as the false-friends574

sources and the contextual sentences might have575

been included in the model’s pre-training corpora.576

Models: In our evaluation we include closed-577

weight models for which information regarding578

the architecture and training data is not publicly579

available. Additionally, our prompt-based exper-580

iments are limited to specific zero and few-shot581

configurations; alternative strategies could yield582

different performance patterns.583

Justification analysis: In this study, we ask mod-584

els to provide a short justification for their predic-585

tions. However, we do not conduct a quantitative586

analysis of the logical consistency of these justi-587

fications. For that reason, there is the possibility588

of models hallucinating while still producing the589

correct answer. A rigorous human evaluation is re-590

quired to confirm whether models understand these591

semantic distinctions.592
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A Complete Dataset Statistics912

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 Resources913

Online Resources:914

• https://ec.europa.eu/translation/915

portuguese/magazine/documents/916

folha47_lista_pt.pdf917

• https://github.com/pln-fing-udelar/918

false-friends/tree/master919

• https://www.lingua.gal/c/920

document_library/get_file?921

file_path=/portal-lingua/curso/922

medio-administrativo/_13_923

falsosamigos.pdf924

Academic Works and Books:925

• Ramos, E. Portugalizar. Portugués para gale-926

gofalantes.927

• Vidal Figueiroa, T. Presuntos falsos amigos928

entre portugués e galego. (VOL. I-II-III)929

C Baseline experiments 930

Model Pair L. Thr. Acc. F1

bert-base-multilingual-uncased
ES–PT 12 0.58 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 0.74 0.69 0.72
GL–ES 8 0.62 0.71 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 0.92 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 0.84 0.69 0.74
GL–ES 3 0.88 0.70 0.69
GL–PT 12 0.98 0.54 0.68
H–ES–PT 6 0.86 0.68 0.72
H–GL–ES 0 0.22 0.66 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 931
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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 70.40 84.00 67.70 76.70 72.00 75.00 74.30

Meta llama-3.1-8b 65.10 62.00 64.60 68.30 68.00 66.70 65.78
llama-3.2-3b 55.90 52.00 52.30 48.30 48.00 56.70 52.20

Microsoft phi-3-mini-128k 64.50 67.00 48.50 65.00 68.00 70.00
Mistral AI ministral-3b 73.70 75.00 60.00 78.30 70.00 63.30 70.05

mixtral-8x7b 69.40 76.00 59.20 68.30 76.00 65.00 68.98

Medium [10B–50B] Google gemma-3-12b-it 81.60 81.00 76.20 90.00 84.00 81.70 82.41
gemma-3-27b-it 85.90 87.00 84.60 90.00 88.00 83.30 86.46

Microsoft phi-3-medium-128k 71.40 70.00 70.80 71.70 62.00 75.00 70.15
phi-4-multimodal 80.30 84.00 80.00 93.30 88.00 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 93.30 80.00 81.70 83.28
Mistral AI 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 82.30 95.00 86.00 80.00 86.01

Large [>50B] DeepSeek deepseek-chat-v3.1 88.80 85.00 80.00 93.30 82.00 81.70 85.13
Qwen qwen3-235b 87.50 88.00 83.10 93.30 92.00 95.00 89.81

qwen3-next-80b 85.20 87.00 81.50 90.00 86.00 91.70 86.90
Meta llama-3.3-70b 88.50 87.00 80.00 95.00 82.00 81.70 85.70

Closed-weight LLMs

Google gemini-2.0-flash 84.90 91.00 78.50 96.70 84.00 85.00 86.68
gemini-2.5-flash 91.80 92.00 86.90 93.30 92.00 81.70 89.61
gemini-2.5-flash-lite 80.60 87.00 75.40 85.00 96.00 81.70 84.28

OpenAI gpt-4o-mini 85.20 79.00 73.10 86.70 80.00 81.70 80.95
gpt-4.1 86.80 90.00 86.20 90.00 96.00 88.30 89.55
gpt-4.1-mini 90.80 86.00 78.50 91.70 92.00 85.00 87.33

xAI grok-3-mini 93.10 93.00 89.20 93.30 98.00 88.30 92.48
grok-4-fast 95.40 93.00 89.20 96.70 90.00 90.00 92.38
grok-4 94.10 96.00 93.10 96.70 96.00 95.00 95.15

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 prompt932

Task: Decide whether the target words933
have the same sense in both sentences.934
TARGET WORD 1: {w1} SENTENCE 1: {s1}935
TARGET WORD 2: {w2} SENTENCE 2: {s2}936

Rules:937
– Analyze only the meaning of the target938
words in their respective contexts.939
– Ignore grammatical or syntactic940
differences unless they affect the941
meaning.942
– If the meaning of the target words is943
the same, respond with: “Label: YES”.944
– If the meaning of the target words is945
different, respond with: “Label: NO”.946
– Provide a concise explanation for your947
decision in the format: “Reason: <short948
sentence>”.949
– Ensure the output is strictly in950
plain text and follows the exact format951
specified.952

F Few-shot prompt953

Task: Decide whether the target words954
have the same sense in both sentences.955
TARGET WORD 1: w1 SENTENCE 1: s1956
TARGET WORD 2: w2 SENTENCE 2: s2957
Examples:958

Example 1: 959
TARGET WORD 1: fabricar SENTENCE 1: A 960
súa empresa fabrica cadeiras de madeira 961
TARGET WORD 2: fabricar SENTENCE 2: Eles 962
fabricam brinquedos para as crianças. 963
Label: YES Reason: Both refers to the 964
action of making. Example 2: 965
TARGET WORD 1: brinco SENTENCE 1: María 966
deu un brinco de alegría cando lle 967
dixeron que ía ser nai. TARGET WORD 2: 968
brinco SENTENCE 2: Ela colocou um brinco 969
dourado para combinar com o vestido. 970
Label: NO Reason: The first refers to a 971
jump of joy, while the second refers to 972
a piece of jewelry. 973

Rules: 974
Analyze only the meaning of the target 975
words in their respective contexts. 976
– Ignore grammatical or syntactic 977
differences unless they affect the 978
meaning. 979
– If the meaning of the target words is 980
the same, respond with: "Label: YES" 981
– If the meaning of the target words is 982
different, respond with: "Label: NO" 983
– Provide a concise explanation for your 984
decision in the format: "Reason: <short 985
sentence>" 986
– Ensure the output is strictly in 987
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plain text and follows the exact format988
specified.989

990

G Mean Zero vs. Few-shot991

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 Deviation992

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 0.48 68.85
gemma-2-9b-it ES–PT 0.48 71.35
llama-3.1-8b-instruct ES–PT 0.47 66.70
mixtral-8x7b-instruct GL–ES 0.40 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.

15



I Part-of-Speech distribution993

A A/N ART/N C PRON N N/NUM N/P N/R N/V 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 rates994

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

ES–PT llama-3.1-8b 23.33 43.22 13.95
gemma-2-9b-it 50.00 16.58 37.21
gemma-3-27b-it 12.22 12.56 25.58
qwen3-235b 10.00 11.56 16.28
grok-4 4.44 6.53 6.98

GL–ES llama-3.1-8b 28.57 33.71 43.90
gemma-2-9b-it 50.00 34.83 21.95
gemma-3-27b-it 21.43 8.99 17.07
qwen3-235b 7.14 10.11 14.63
grok-4 7.14 3.37 4.88

GL–PT llama-3.1-8b 12.20 38.61 42.31
gemma-2-9b-it 48.78 30.69 34.62
gemma-3-27b-it 19.51 17.82 15.38
qwen3-235b 12.20 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 models995

• Qwen3-235B-A22B-25074996

• GPT-4o-mini5997

• Grok-4.1-Fast6998

4https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
5https://platform.openai.com/docs/models/gpt-4o-mini
6https://x.ai/news/grok-4-1-fast
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