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ABSTRACT

Despite LLMs’ dominance in English, their transferability to French NLU remains
inconsistent. To characterize this limitation, we present COLE, a new benchmark
comprising 23 diverse French tasks, and use it to reveal significant failure modes in
state-of-the-art (SOTA) models. Our analysis reveals three critical negative results:
1) a persistent performance gap where top open-weight models lag behind closed
models by over 20%, 2) the illusion of specialization, where surface-level fluency in
tuned models masks deep reasoning deficits, and 3) catastrophic failure in zero-shot
extractive QA and regional dialect understanding, where many models, including
top-tier reasoning models, achieve 0% Exact Match or perform near random
baselines. We analyze these unexpected failures to highlight specific frontiers
(morphology, cultural nuance) where scaling laws currently fail to generalize.

1 INTRODUCTION

While Large Language Models (LLMs) have maxed out English benchmarks, their robustness in
French remains an open question. Current evaluations often rely on translation-based proxies or
limited-task benchmarks (e.g. FLUE (Le et al., 2020)), potentially masking significant failures in
native understanding. Current French benchmarks lack task diversity, omitting critical areas such as
textual entailment, idiom comprehension, and Question Answering (QA). Furthermore, they often
fail to probe specific French linguistic particularities, such as its rich morphology (Gross, 1984),
grammatical gender (Rowlett, 2007), and complex syntax (Abeillé & Godard, 2002).

To bridge this gap, we introduce the COrpus for Langue understanding Evaluation (COLE), a
comprehensive suite of 23 tasks designed to evaluate French NLU competencies rigorously. Our
main contributions are: 1) a comprehensive evaluation suite for French NLU, covering a wide range
of tasks and corpus sizes1, and 2) we utilize COLE, not to claim SOTA, but to expose where SOTA
fails. Specifically, we investigate three specific “failures of generalization”: 1) open-weight ceiling,
2) the illusion of specialization, and 3) fragility of instruction following.

2 RELATED WORK

LM evaluation has evolved from simple metrics (e.g. Perplexity, BLEU, ROUGE, BERT-based
metrics) (Chang et al., 2023; Jelinek et al., 1977; Papineni et al., 2002; Lin, 2004; Beauchemin et al.,
2023) to comprehensive benchmark corpora, because metrics alone often fail to capture general NLU

1https://huggingface.co/datasets/graalul/COLE-public

1

https://huggingface.co/datasets/graalul/COLE-public


I Can’t Believe It’s Not Better Workshop @ ICLR 2026

competencies (Bowman & Dahl, 2021). GLUE (Wang et al., 2018) set the standard for English NLU,
grouping tasks into single-sentence understanding (CoLA, SST), similarity/paraphrase detection
(MRPC, QQP, STS), and Natural Language Inference (MNLI, QNLI, RTE, Winograd) (Bowman et al.,
2015). FLUE (Le et al., 2020) applied this paradigm to French, aggregating text classification (CLS),
sentence-pair tasks (PAWS-X, XNLI), and linguistic probing (dependency parsing, WSD). CLUE
(Xu et al., 2020) extended this to Mandarin, incorporating text classification, sentence-pair matching,
reading comprehension (CMRC2018, DRCD), and specialized tasks like idiom understanding and
causal reasoning.

3 COLE BENCHMARK

Existing French evaluation suites are often highly targeted and task-specific, failing to provide a
global vision of model performance. To address these limitations and provide a holistic assessment
of French NLU capabilities, we developed COLE. Although it aggregates pre-existing datasets,
its contribution lies in the first systematic integration of 23 tasks spanning sentiment, inference,
grammaticality, QA, WSD, and regional variants into a unified diagnostic framework—a breadth
no prior French benchmark achieves. It comprises 23 diverse tasks, summarized in Table 1 (see
Appendix A for full descriptions).

We employ task-specific metrics aligned with original protocols: Accuracy for classification tasks;
Exact Match (EM) (Wang et al., 2018), which requires strict string equality for QA and WSD; and F1
Score, which measures token-level overlap to allow partial credit. To gauge overall capability, we
compute a Composite Score (CS) scaled to [0, 100]: following the GLUE methodology, we average
the score across all 23 tasks,2 yielding a single, interpretable value for comparing general French
NLU performance. Because the choice of weighting scheme can influence rankings, we report two
complementary aggregations. The first, CS, adopts equal task weighting so that every task contributes
equally regardless of its test set size, preventing large datasets from dominating the evaluation: under
instance-weighted scoring, MMS alone (63,190 instances) would account for 49.7% of the total
weight. The second, a size-Weighted Composite Score (WCS =

∑23
j=1

nj

N · sj , where nj is the test
set size for task j and N=127,131), weights each task proportionally to its number of instances. As
shown in Table 2, WCS compresses performance differences (e.g. Random rises from 31.22% to
36.64%) because most models handle the heavily-weighted sentiment tasks well, thereby masking
failures on diagnostically important but smaller tasks such as FraCaS or WSD. Both metrics are
reported throughout the paper; we adopt CS as the primary metric but discuss WCS-specific findings
where they diverge.

4 EXPERIMENTS

4.1 EVALUATION SETTINGS

We evaluate a diverse set of LLMs in a zero-shot setup using default decoding strategies. Each task is
framed as an NL prompt, requiring the model to either select a label or generate an answer based
solely on pretrained capabilities. All models are evaluated on the same test set using automatic
task-specific metrics to ensure fair comparison.

4.2 MODELS

Baseline Models We use a Random selection algorithm as our baseline (seed 42). For classification
tasks, it randomly selects one of the potential candidate labels. For text extraction tasks (FQuAD,
PIAF, WSD-Fr), it randomly selects a word from the whitespace-split input sentence.

LLM Selection To ensure a representative analysis of the current landscape, we selected 111
models leveraging the Text Arena and Open LLM leaderboards. Our selection covers four key
aspects: 1) a mix of closed- and open-weight paradigms; 2) a wide range of parameter counts (from

2For tasks that output two metrics (e.g., FQuAD), we compute the average of the two metrics as our unique
task metric for the global average.
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Table 1: COLE’s 23 tasks summary with instance types, evaluation metrics, and sizes per split.

Task Name Task Type Instance Type Metric Train Dev Test

Allociné Sentiment Analysis Sentence Accuracy 160,000 20,000 20,000
DACCORD Paraphrase Detection Sentence Pair Accuracy – – 1,034
FQuAD Extractive QA Context and Question EM/F1 – 100 400
Fr-BoolQ Boolean QA Context and Question Accuracy – – 178
FraCaS NLI Sentence Pair Accuracy – – 346
GQNLI-Fr NLI Sentence Pair Accuracy 243 27 30
LingNLI-Fr NLI Sentence Pair Accuracy 29,985 – 4,893
MMS Sentiment Analysis Sentence Accuracy 132,696 14,745 63,190
MNLI-9/11-Fr NLI Sentence Pair Accuracy – – 2,000
MultiBLiMP-Fr Grammatical Acceptability Sentence Pair Accuracy 160 18 77
PAWS-X Paraphrase Detection Sentence Pair Accuracy 49,401 2,000 2,000
PIAF Extractive QA Context and Question EM/F1 3,105 346 384
QFrBLiMP Grammatical Acceptability Sentence Pair Accuracy 1,108 124 529
QFrCoLA Grammatical Acceptability Sentence Accuracy 15,846 1,761 7,546
QFrCoRE Definition Matching List of Sentences Accuracy – – 4,633
QFrCoRT Definition Matching List of Sentences Accuracy – – 201
RTE3-Fr NLI Sentence Pair Accuracy – 800 800
SICK-Fr NLI Sentence Pair Accuracy 4,439 495 4,906
STS22 STS Sentence Pair Accuracy 101 – 72
Wino-X-LM Pronoun Resolution Sentence Accuracy – – 2,793
Wino-X-MT Pronoun Resolution Sentence and Translation Accuracy – – 2,988
WSD-Fr WSD Sentence EM 269,821 – 3,121
XNLI-Fr NLI Sentence Pair Accuracy 393,000 2,490 5,010

< 1B to > 100B); 3) models with specific “reasoning” capabilities (Γ); and 4) models specialized
for French (Υ) or instruction-tuned. Full model details are provided in Appendix C.

5 ANALYSIS OF FAILURES AND LIMITATIONS

Rather than a simple leaderboard, we analyze the discrepancies between expected capabilities and
observed performance on COLE. Table 2 presents a high-level breakdown of the CS of key models,
highlighting the specific failure modes discussed below and comparing top-tier closed models with
the best available open-weight alternatives. Moreover, we present the complete results in Appendix E.
Our analysis exposes three critical failure modes: 1) a systemic gap between open and closed LM,
2) the fragility of “reasoning” specializations, and 3) catastrophic failures in zero-shot instruction
adherence.

5.1 THE WEIGHTS GAP

Our evaluation reveals a performance ceiling for open-weight models. For “standard” open-
source LLM (≤ 32B), the gap is substantial: the best open model of less than 32B parameters,
Chocolatine-2-14B-it, achieves only 45.05% CS, lagging behind the SOTA closed model,
GPT-5-mini (70.12%), by over 25 percentage points. This gap persists under WCS (53.32% vs.
78.51%), confirming that it is not an artefact of our weighting scheme.

Even when removing hardware constraints to compare the pinnacle of each paradigm, open models
struggle to compete on efficiency. While Qwen3-235B achieves the highest CS among all open-
weight models, it still fails to surpass GPT-5-mini, even if it narrows the gap to 5.24% (2.81%
under WCS). This comparison highlights a critical disparity: open-weight models currently require an
exceptionally large parameter budget to merely approximate the performance that proprietary models
achieve, even when comparing against their “mini” variants whose architecture remains undisclosed.

5.2 THE ILLUSION OF SPECIALIZATION

We investigate whether model specialization mitigates this gap, finding that it often leads to trade-offs
rather than general improvements.
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French Tuning French-specialized models like Chocolatine-2-14B-it demonstrate a mas-
tery of surface-level grammar that creates a potentially dangerous “illusion of fluency” (Mahowald
et al., 2024). As shown in Table 2, this model achieves near-perfect scores on grammatical judgment
(94.81% on MultiBLiMP), significantly outperforming larger generalist models like Qwen-max
(70.13%). However, this syntactic tuning appears to come at the cost of semantic reasoning; its
FraCaS score (47.46%) remains mediocre, lagging significantly behind generalist models like
GPT-4o-mini (66.27%). This disparity indicates that while tuning fixes the linguistic form,
it fails to imbue the model with the deep understanding required for complex tasks, presenting a
safety risk where users may over-trust the model based on its native-like output.

Reasoning Models marketed with “reasoning” capabilities (Γ) show inconsistent transfer to French
logic. While they excel at pattern-matching NLI tasks, they falter on FraCaS, a task probing deep
logical semantics. Counter-intuitively, the non-reasoning GPT-4o-mini outperforms dedicated
reasoning models like o1-mini and Claude-opus-4 on this task. This negative result highlights
that current “reasoning” optimizations (likely Chain-of-Thought data) might have been overfitted to
English logic patterns and do not generalize well to French logical structures.

5.3 CATASTROPHIC FAILURE MODES

While models achieve > 95% on coarse-grained tasks like sentiment analysis, Table 2 exposes three
areas where performance collapses.

Zero-Shot Extraction Performance on the Extractive QA (FQuAD) task reveals a fundamental
failure in instruction-following. Despite high F1 scores on QA tasks, top-tier models crumble when
the answer must follow a specific format. Even the benchmark leader, GPT-5-mini, only achieves
12.50%, and Claude-opus-4 achieves 0.00%. It indicates that zero-shot instruction adherence in
French is brittle, rendering these models unreliable for strict extraction workflows.

Regional Blind Spot The Quebec-French tasks (e.g. QFrCoRE) reveal a severe lack of regional
cultural grounding in open-weight models. While closed models like Claude-opus-4 demonstrate
mastery (93.46%), popular open models like Llama-3.1-8B-it struggle at 20.14%. Crucially,
even CroissantLLMBase, a model explicitly specialized in French, achieves only 10.58%, barely
surpassing the Random baseline (9.93%). This failure of a French-specialized model confirms that
open training corpora are heavily biased toward Standard (i.e. Metropolitan) French, lacking the
diversity needed to generalize to other francophone dialects.

Lexical Precision The WSD task yields near-0% scores for the vast majority of models (e.g.,
Llama-3.1-8B-it at 0.13% and Claude-opus-4 at 0.16%). It highlights a pervasive lack of
fine-grained lexical precision in zero-shot settings across the entire ecosystem.

Tiny LLM Finally, our results cast doubt on the viability of current tiny LLMs for non-English lan-
guages. While sub-3B parameter models are increasingly capable in English benchmarks, they
undergo a functional collapse in COLE. Models such as SmolLM2-135M-it (29.84%) and
Qwen2.5-0.5B-it (30.74%) perform worse than the Random Baseline (31.22%) in terms of CS.
Even the robust Gemma-2-2b-it (33.85%) offers negligible gain over random guessing. WCS
amplifies this collapse: Gemma-2-2b-it drops to 22.97%, far below Random (36.64%), revealing
that its poor Allociné (11.37%) and MMS (16.68%) scores—the two most-weighted tasks—dominate
the instance-weighted aggregate. It suggests that current multilingual pre-training corpora may lack
sufficient high-quality French coverage to saturate these smaller parameter budgets, preventing them
from acquiring functional NLU capabilities comparable to those of their English counterparts.

5.4 LIMITATIONS

Our evaluation has several methodological boundaries. First, all models are evaluated in a zero-shot
setting; few-shot prompting may mitigate some catastrophic failures, particularly in extractive QA
where strict formatting could benefit from in-context demonstrations. Second, results are conditioned
on specific prompt templates (Appendix B); although all models receive identical prompts ensuring
internal consistency, prompt reformulations could alter individual rankings. A systematic prompt
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Table 2: Performance of key models across specific failure modes discussed in the text. CS is the
equal-weight Composite Score; WCS is weighted by test set size (see Section 3). The highest score
in each column is highlighted in bold.

LLM Type CS WCS Instr. Fail Regional Fail Logic Gap Fluency Illus. Lexical Fail
(%) (%) FQuAD QFrCoRE FraCaS MultiBLiMP WSD

(EM) (%) (Acc.) (%) (Acc.) (%) (Acc.) (%) (EM) (%)

Closed-Weight (State-of-the-Art)
GPT-5-mini Γ 70.12 78.51 12.50 77.36 58.21 98.70 37.62
Claude-opus-4 Γ 67.13 78.31 0.00 93.46 61.79 79.05 0.16
GPT-4o-mini - 65.72 75.66 6.75 73.88 66.27 97.40 39.86
o1-mini Γ 64.44 75.91 8.00 70.49 37.91 96.10 38.77

Open-Weight (Best Available & Comparison)
Qwen3-235B - 64.88 75.70 13.75 75.74 42.99 96.10 11.18
Qwen-max - 49.14 48.25 15.50 67.80 46.87 70.13 35.25
Chocolatine-14B Υ 45.05 53.32 21.50 11.33 47.46 94.81 17.85
Llama-3.1-8B-it Γ 40.13 55.95 4.75 20.14 40.90 62.34 0.13
CroissantLLM Υ 30.21 38.71 0.00 10.58 9.85 45.45 0.00

Tiny LLM (Best Available)
Gemma-2-2b-it Γ 33.85 22.97 2.08 5.26 31.64 50.30 0.00
Qwen2.5-0.5B-it - 30.74 36.22 50.00 10.99 25.97 50.65 0.00
SmolLM2-135M-it - 29.84 35.08 0.00 9.36 16.42 50.60 0.00

Random - 31.22 36.64 0.00 9.93 30.15 50.80 5.00

sensitivity study remains an important direction for future work. Third, as an aggregation of existing
datasets, COLE inherits any annotation artefacts or biases present in its constituent corpora.

6 CONCLUSION AND FUTURE WORKS

We introduced COLE, a 23-task benchmark addressing the critical need for comprehensive French
NLU evaluation. Benchmarking 111 LLMs reveals a significant performance gap favouring closed-
weight models, particularly in deep semantic tasks. While proficiency in grammar and sentiment
is widespread, COLE identifies key challenges in zero-shot extractive QA and regional linguistic
variation. Future work will expand the benchmark to include multi-hop reasoning and dialogue tasks,
along with a non-public test set to prevent data contamination. We also plan to investigate few-shot
prompting to determine whether in-context examples mitigate the catastrophic zero-shot failures
observed, to conduct systematic prompt sensitivity ablations, and to analyze the impact of instruction
fine-tuning on base model performance across COLE tasks.
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USE OF LARGE LANGUAGE MODELS

This work utilized Large Language Models (specifically Gemini) to assist with the linguistic re-
finement, typographical errors, and LaTeX formatting of the manuscript (table generation, figure
improvements). The authors retained full control over the scientific content, data analysis, and
conclusions. Additionally, as this paper presents a benchmark for LLMs, the outputs of various
models (e.g. GPT-5, Claude, Qwen) were generated and analyzed as the primary subject of our
research.

ETHICAL CONSIDERATIONS

The development and release of the COLE benchmark, like any tool that advances language model
capabilities, carries ethical implications that warrant careful consideration.
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Intended Use and Dual Nature of LLMs Our primary goal in creating COLE is to provide a
robust tool for the French NLP community to measure progress and deepen their understanding
of model capabilities. However, we acknowledge that advancements spurred by such benchmarks
contribute to the development of more powerful LLMs. These models have a dual-use nature: while
they can be used for beneficial applications, they can also be exploited for malicious purposes, such
as generating convincing disinformation, automating social manipulation, or creating harmful content
at scale (Bender et al., 2021).

Bias and Representational Harms The datasets comprising COLE are sourced from public
domains, including web reviews (Allociné) and Wikipedia articles (FQuAD). These sources are
known to contain societal biases related to gender, race, religion, and other demographics. By
using these datasets for evaluation, our benchmark may inadvertently favour models that learn and
reproduce these biases. We did not perform a comprehensive audit for such biases in the constituent
datasets. We advocate for users of COLE to be aware of this and recommend that future work
include better documentation and characterization of dataset contents, following principles like those
proposed for Datasheets for Datasets (Gebru et al., 2021).

Data Provenance and Privacy The data used in COLE’s datasets, while publicly available, was
created by individuals who did not explicitly consent to its use in training or evaluating large-scale
AI models. For instance, reviews on Allociné were written for other users, not for machine learning
research. The practice of scraping and repurposing public data without the informed consent of the
original creators raises significant ethical questions about privacy and ownership, a problem that has
been highlighted in the context of other large-scale web-derived datasets (Birhane et al., 2023).

Mitigation and Positive Impact Despite the risks, we believe that public benchmarks like COLE
are essential for transparency and accountability in AI. By providing a standardized evaluation suite,
our work enables researchers to audit proprietary and open models for specific failings, including
biases or reasoning gaps. Furthermore, COLE can be used proactively to develop more robust and
safer models. For example, it can serve as a foundation for “red teaming” exercises, where the goal
is to systematically find and mitigate model harms before deployment (Ganguli et al., 2022). We
encourage the use of COLE not only for performance ranking but also for critical safety and ethics
research.
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A TASKS

In this appendix, we present in detail the 23 tasks that compose COLE. The tasks are divided into
three categories: 1) single-sentence, 2) similarity and paraphrasing, and 3) inference.

A.1 SINGLE-SENTENCE TASKS

1. Allociné (Blard, 2020) is a task that focuses on sentiment analysis using movie reviews scraped
from the Allociné website. Each instance is a single sentence expressing a user-generated opinion.
The model must classify the sentiment as negative (0) or positive (1). This task evaluates LLMs’
ability to understand sentiment in informal language.

2. MMS-Fr (Łukasz Augustyniak et al., 2023) is a sentiment analysis task using the French subset
of the Massive Multilingual Sentiment (MMS) corpus. Each instance is a single text entry, and the
model must classify its sentiment into one of three categories: negative (0), neutral (1), or positive
(2). This task evaluates an LLM’s ability to discern sentiment across the various domains and text
sources included in the original collection.

3. QFrCoLA (Beauchemin & Khoury, 2025) is a grammatical acceptability classification task for
Quebec-French. Each instance is labelled as unacceptable (0) or acceptable (1). The model must
classify whether a sentence is grammatically acceptable. This task assesses an LLM’s grammar
competency.
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A.2 SIMILARITY AND PARAPHRASE TASKS

1. DACCORD (Skandalis et al., 2024) is a paraphrase detection task between sentence pairs. Each
instance consists of two sentences, and the model must determine whether they convey the same
meaning (0) or contradict each other (1). The dataset contains sentence pairs manually curated to
reflect NL use and covers a variety of topics, including political discourse. This task assesses an
LLM’s ability to comprehend paraphrasing across a wide range of topics.

2. FQuAD (d’Hoffschmidt et al., 2020) is a French extractive QA task built from Wikipedia articles.
Given a context paragraph and a question in French, the model must extract a contiguous span of
text from the paragraph that answers the question. The dataset is designed to evaluate models’
ability to understand and retrieve factual information in French.

3. Fr-BoolQ (Faysse, 2022) is a binary QA task translated into French from the original BoolQ
dataset (Clark et al., 2019). Each instance consists of a short context and a yes/no question. The
model must determine whether the context supports the answer to the question. The questions
are naturally occurring and may not be answerable, making the task challenging. The goal is to
predict “yes” (1) if the context entails the answer, and “no” (0) otherwise.

4. PAWS-X (Yang et al., 2019) is a paraphrase detection task designed to evaluate models’ ability to
detect whether two sentences in French convey the same meaning despite having different surface
forms. Each instance presents a pair of sentences that are often lexically similar but semantically
distinct. This task assesses an LLM’s ability to understand semantics.

5. PIAF (Keraron et al., 2020) is a French extractive QA task developed from government and
public-domain documents. Given a context passage and a question in French, the model must
extract the precise span of text that answers the question. PIAF is designed to evaluate models
in realistic information access settings, with questions sourced from real user needs and verified
by human annotators. It complements FQuAD by covering a broader range of topics relevant to
public services.

6. QFrCoRE and QFrCoRT (Beauchemin et al., 2025a) are, respectively, an expression and a
regional terms definition matching task. Each example consists of a local Quebec idiom or word
and a list of ten potential definitions for the instance. The model must determine the appropriate
definition from the candidate list. This task assesses an LLM’s capacity to comprehend local
expressions or regional terms.

7. STS22 (Agirre et al., 2012) is an STS task that evaluates the degree of semantic equivalence
between pairs of French sentences. Each input consists of two sentences, and the model must
assign an integer-valued similarity score ranging from 1 (completely unrelated) to 4 (identical
meaning). This task evaluates an LLM’s ability to understand semantic equivalences.

A.3 INFERENCE TASKS

1. FraCaS (Richard et al., 2024) is an NLI task. The dataset is designed to evaluate a model’s
semantic reasoning across a broad, structured range of linguistic phenomena, including quantifiers,
plurality, anaphora, and ellipsis.

2. GQNLI-Fr (Skandalis et al., 2024) is an NLI task that uses an automatically-generated French
translation of the English GQNLI dataset (Cui et al., 2022). It focuses specifically on generalized
quantifiers (e.g. some, all, none, few) and tests LLMs’ ability to reason about them.

3. LingNLI-Fr (Skandalis et al., 2024) is an NLI task that uses an automatically-generated French
translation of the English LingNLI dataset (Parrish et al., 2021).

4. MNLI-9/11-Fr (Williams et al., 2018) is an NLI task based on a French-translated subset of the
MultiNLI dataset, focusing on sentence pairs on the topic of 9/11. This task assesses an LLM’s
ability to reason about hypothesis understanding in NL.

5. MultiBLiMP-Fr (Jumelet et al., 2025) is a grammatical judgment task utilizing the French subset
of the Multilingual Benchmark of Linguistic Minimal Pairs (MultiBLiMP). Each instance consists
of a minimal pair of sentences: one grammatically correct and one incorrect, differing by a single,
targeted linguistic feature. The model must identify the grammatically acceptable sentence from
the pair. This task evaluates the model’s knowledge of six linguistic phenomena, including syntax,
morphology, and agreement.

6. QFrBLiMP (Beauchemin et al., 2025b) is a grammatical judgment task for Quebec French. The
model chooses which of two sentences is grammatically correct. This task assesses the LLM’s
grammatical competency across 20 linguistic phenomena.
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7. RTE3-Fr (Skandalis et al., 2024) is an NLI task based on a French translation of the RTE3 dataset
(Giampiccolo et al., 2007). It is designed to test fine-grained reasoning over short texts.

8. SICK-Fr (Lajavaness, 2023) is an NLI task derived from the French version of the SICK dataset
(Bentivogli et al., 2016). This dataset tests the LLM over a broad range of linguistic phenomena,
including negation and paraphrasing.

9. Wino-X-LM (Emelin & Sennrich, 2021) is a pronoun resolution task in the form of coreference
resolution. Each example presents a French sentence containing an ambiguous pronoun and
two possible antecedents. The model must select the correct referent based on context, thereby
evaluating its ability to resolve gender and number agreement in pronominal references.

10. Wino-X-MT (Emelin & Sennrich, 2021) is a natural pronoun resolution task. Given two French
translations of an original English sentence, each differing only in the gender of a pronoun, the
model must choose the translation that correctly resolves the referent according to the context. It
tests the model’s sensitivity to grammatical and semantic alignment across languages.

11. WSD-Fr (Le et al., 2020) is a WSD task from the FLUE benchmark that evaluates a model’s
ability to identify the correct meaning of an ambiguous verb in a given context. Each instance
consists of a sentence, and the model must select the verb/noun that is ambiguous.

12. XNLI-Fr (Conneau et al., 2018) is an NLI task based on the French subset of the XNLI corpus,
which extends the MultiNLI dataset to 15 languages (Williams et al., 2018). This task assesses
LM’s ability to reason about hypothesis understanding in NL.

B INFERENCE PROMPTS DETAILS

We present the translated prompts in Figure 1, used to generate predictions per task. Prompts were
inspired by Aparovich et al. (2025) prompts and prompt engineering best practices (Marvin et al.,
2023; Ye et al., 2024; Li et al., 2024; Bjerg, 2024).
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≪system≫ Judge whether this sentence
is grammatically correct. Answer only
with 1 if the sentence is grammatically
correct, 0 otherwise.

≪user≫ {sentence 0}
{sentence 1}
The answer is: {input}.

(a) QFrCoLA

≪system≫ To what extent are the fol-
lowing two sentences similar? Give an
integer score from 1 to 4. Answer only
with an integer between 1 (no similarity)
and 4 (perfect equivalence).

≪user≫ {sentence 1}
{sentence 2}
The answer is: {input}.

(b) STS22

≪system≫ What is the relationship of
the second sentence with respect to the
first?
0: if the second sentence entails the first,
1: if the relation is neutral,
2: if there is a contradiction.
Answer only with 0, 1, or 2.

≪user≫ Sentence 1: {premise}
Sentence 2: {hypothesis}
The answer is: {input}.

(c) FraCaS, GQNLI-Fr, LingNLI-Fr, MNLI-9/11-Fr,
RTE3-Fr, SICK-Fr, XNLI-Fr

≪system≫ Determine the relationship be-
tween the following two sentences. Reply
only with:
0: if the sentences are compatible (they
convey the same information or are coher-
ent),
1: if the two sentences contradict each
other.
Answer only with 0 or 1.

≪user≫ {sentence 0}
{sentence 1}
The answer is: {input}.

(d) DACCORD

≪system≫ Do the following two sen-
tences mean the same thing? Answer only
with 1 if the two sentences have the same
meaning, 0 otherwise.

≪user≫ {sentence 1}
{sentence 2}
The answer is: {input}.

(e) PAWS-X

≪system≫ What does the Quebec “{ex-
pression}” mean? Answer only with the
index (starting at zero) of the correct def-
inition. For example, if the third one is
correct, answer 2.

≪user≫ Here is a list of possible defini-
tions:{definitions}
The answer is: {input}.

(f) QFrCoRE

≪system≫ Which of the following two
sentences is grammatically correct?
- Answer 0 if sentence 0 is correct.
- Answer 1 if sentence 1 is correct.
Respond only with 0 or 1.

≪user≫ Sentence 0: {sentence_a}
Sentence 1: {sentence_b}
The answer is: {input}.

(g) QFrBLiMP, MultiBLiMP-Fr

≪system≫ What is the sentiment of this
sentence?
Answer only with:
0: if the sentence is negative,
1: if the sentence is neutral,
2: if the sentence is positive.
Respond only with 0,1 or 2.

≪user≫ {sentence}
The answer is: {input}.

(h) MMS-Fr

≪system≫ What does the Quebec
“{term}” mean? Answer only with the
index (starting at zero) of the correct defi-
nition.

≪user≫ Here is a list of possible defini-
tions:{definitions}
The answer is: {input}.

(i) QFrCoRT
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≪system≫ Here is a sentence in English
containing the pronoun "it" in an ambigu-
ous sense, along with its French transla-
tion.

≪user≫ Sentence: {sentence}
French version (replace by “_”): {con-
text}
Options:
1: {option1}
2: {option2}
The answer is: {input}.

(j) Wino-X-LM

≪system≫ You will receive a sentence
containing an ambiguous word along with
the part-of-speech (PoS) tags for each
word in the sentence. The ambiguous
word can be either a verb or an adjective.
Your task is to indicate exactly this am-
biguous word in the sentence, without
adding or rephrasing anything. Respond
only with the identified ambiguous word.

≪user≫ {sentence}
{pos_tag_labels}.
The answer is: {input}

(k) WSD-Fr

≪system≫ Here are two French trans-
lations of an English sentence with an
ambiguous pronoun. Which one uses the
correct pronoun based on the original sen-
tence? Respond only with 1 or 2.

≪user≫ Original sentence: {sentence}
Translation 1 (with “{pronoun1}”): {trans-
lation1}
Translation 2 (with “{pronoun2}”): {trans-
lation2}
The answer is: {input}.

(l) Wino-X-MT

≪system≫ What is the sentiment of this
sentence?
Answer only with:
0: if the sentence is negative,
1: if the sentence is positive,
Respond only with 0 or 1

≪user≫ {sentence}
The answer is: {input}.

(m) Allocine

≪system≫ You will be given a context
followed by a question.
Your task is to extract **verbatim** the
span of text from the context that best
answers the question.
Do not invent anything. Do not rephrase.
Only respond by copying an exact excerpt
from the context above.

≪user≫ Respond only with a passage
extracted from the context. Context: {con-
text}
Question: {question}
The answer is: {input}.

(n) FQuAD, PIAF

≪system≫ Read the passage and answer
the question using only the information
from the text.
- If the passage allows you to answer
“yes”, respond with 1.
- If the passage only allows you to answer
“no” or doesn’t answer the question, re-
spond with 0.

≪user≫ Passage: {passage}
Question: {question}
The answer is: {input}.

(o) Fr-BoolQ

Figure 1: The translated prompt templates used for the zero-shot evaluation of each task in the COLE
benchmark. Each prompt consists of a system message providing the instruction and a user message
containing the input placeholder for the data instance. Blue boxes contain the task instructions.
Yellow boxes contain the prefix for the model to continue. Texts in “≪≫” are role-tags to be fed to
the model.
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Table 3: The selected open-source LLM used in our work, along with their source and size. “Υ” are
model that have a specialization in French, while “Γ” are model marketed as reasoning LLM. Model
with an “*” have either been run on a third party provider (e.g. OpenRouter) or the provided API
service (e.g. Mistral AI).

LLM Source Size LLM Source Size

Apertus-8B-2509 Team (2025) 8B Lucie-7b-it (Υ) Gouvert et al. (2025) 6.71B
Apertus-8B-it-2509 Team (2025) 8B Lucie-7b (Υ) Gouvert et al. (2025) 6.71B
Aya-23-8b Aryabumi et al. (2024) 8B Meta-Llama-3.1-8b-it (Γ) Grattafiori et al. (2024) 8B
Aya-expanse-32b Dang et al. (2024) 32B Meta-Llama-3.1-8b (Γ) Grattafiori et al. (2024) 8B
Aya-expanse-8b Dang et al. (2024) 8B Mistral-large-latest* (v2) (Γ) N/A 675B
Chocolatine-14b-it (Υ) Pacifico (2024b) 14B Mixtral-8x7b-it Rastogi et al. (2025) 46.7B
Chocolatine-2-14b-it (Υ) Pacifico (2025) 14.8B Mixtral-8x7b Rastogi et al. (2025) 46.7B
Command-a-03-2025* Cohere et al. (2025) 111B OLMo-2-13B-it OLMo et al. (2024) 13.7B
Command-a-reasoning-08-2025* (Γ) Cohere et al. (2025) 111B OLMo-2-13B OLMo et al. (2024) 13.7B
Command-r-08-2024 Cohere et al. (2025) 32B OLMo-2-1B-it OLMo et al. (2024) 1.48B
Command-r-plus-08-2024* Cohere et al. (2025) 104B OLMo-2-1B OLMo et al. (2024) 1.48B
Command-r7b-12-2024 Cohere et al. (2025) 8B OLMo-2-32B-it OLMo et al. (2024) 32.2B
CroissantLLM-Base (Υ) Faysse et al. (2024) 1.3B OLMo-2-32B OLMo et al. (2024) 32.2B
DeepSeek-R1-distill-Llama-8b (Γ) DeepSeek-AI (2025) 8.03B OLMo-2-7B-it OLMo et al. (2024) 7.3B
DeepSeek-R1-distill-Qwen-14b (Γ) DeepSeek-AI (2025) 14.8B OLMo-2-7B OLMo et al. (2024) 7.3B
DeepSeek-R1-distill-Qwen-32b (Γ) DeepSeek-AI (2025) 32.8B Phi-3.5-mini-it Abdin et al. (2024a) 3.8B
DeepSeek-R1-distill-Qwen-7b (Γ) DeepSeek-AI (2025) 7.62B Phi-4 Abdin et al. (2024b) 14.7B
DeepSeek-R1-distill-Qwen3-8b (Γ) DeepSeek-AI (2025) 5.27B Pixtral-large-latest N/A 123B
DeepSeek-chat Liu et al. (2024) 236B Qwen2.5-1.5b Hui et al. (2024) 1.5B
DeepSeek-reasoner (Γ) Liu et al. (2024) 236B Qwen2.5-14b-it Hui et al. (2024) 14.7B
Deepthink-reasoning-14b (Γ) Sakthi (2025b) 14.8B Qwen2.5-14b Hui et al. (2024) 14.7B
Deepthink-reasoning-7b (Γ) Sakthi (2025a) 7.62B Qwen2.5-32b-it Hui et al. (2024) 32.8B
French-Alpaca-Llama3-8b-it (Υ, Γ) Pacifico (2024a) 8.03B Qwen2.5-32b Hui et al. (2024) 32.8B
GLM-4.5* (Γ) Zeng et al. (2025) 358B Qwen2.5-3b-it Hui et al. (2024) 3B
GPT-oss-120B* (Γ) OpenAI (2025) 120B Qwen2.5-3b Hui et al. (2024) 3B
GPT-oss-20b (Γ) OpenAI (2025) 21.5B Qwen2.5-7b-it Hui et al. (2024) 7.6B
Gemma-2-27b-it (Γ) Mesnard et al. (2024) 27.2B Qwen2.5-7b Hui et al. (2024) 7.6B
Gemma-2-27b (Γ) Mesnard et al. (2024) 27.2B Qwen3-14b-base Qwen Team (2025) 14.8B
Gemma-2-2b-it (Γ) Mesnard et al. (2024) 27.2B Qwen3-14b Qwen Team (2025) 8.76B
Gemma-2-2b (Γ) Mesnard et al. (2024) 2.6B Qwen3-235b-a22b-thinking-2507* (Γ) Qwen Team (2025) 235B
Gemma-2-9b-it (Γ) Mesnard et al. (2024) 9B Qwen3-235b-a22b* Qwen Team (2025) 235B
Gemma-2-9b (Γ) Mesnard et al. (2024) 9.2B Reka-flash-3 (Γ) Reka AI (2025) 20.9B
Granite3.2-8B Granite Team (2024) 8.17B S1.1-32b (Γ) Simple Scaling (2025) 32.8B
Granite3.3-8B-base Granite Team (2024) 8.17B SmolLM2-1.7b-it Allal et al. (2025) 1.7B
Granite3.3-8B-it Granite Team (2024) 8.17B SmolLM2-1.7b Allal et al. (2025) 1.7B
Llama-3.2-1b-it (Γ) Grattafiori et al. (2024) 1.2B SmolLM2-135m-it Allal et al. (2025) 134.5M
Llama-3.2-1b (Γ) Grattafiori et al. (2024) 1.2B SmolLM2-135m Allal et al. (2025) 134.5M
Llama-3.2-3b-it (Γ) Grattafiori et al. (2024) 3.21B SmolLM2-360m-it Allal et al. (2025) 361.8M
Llama-3.2-3b (Γ) Grattafiori et al. (2024) 3.21B SmolLM2-360m Allal et al. (2025) 361.8M
Lucie-7b-it-human-data (Υ) Gouvert et al. (2025) 6.71B

Table 4: The selected private LLMs used in our work, along with their source. “Γ” indicates models
marketed as reasoning LLMs.

LLM Source LLM Source
Claude-Haiku-4-5-20251001 (Γ) Anthropic GPT-5-mini-2025-08-07 (Γ) OpenAI
Claude-Opus-4-1-20250805 (Γ) Anthropic GPT-5.1 (Γ) OpenAI
Claude-Opus-4-20250514 (Γ) Anthropic Grok-3-fast-latest (Γ) xAI
Claude-Sonnet-4-20250514 (Γ) Anthropic Grok-3-latest (Γ) xAI
Claude-Sonnet-4-5-20250929 (Γ) Anthropic Grok-3-mini-fast-latest (Γ) xAI
Gemini-2.5-flash Google Grok-3-mini-latest (Γ) xAI
Gemini-2.5-pro (Γ) Google Grok-4-0709 (Γ) xAI
Gemini-3-pro (Γ) Google Grok-4-fast-non-reasoning (Γ) xAI
GPT-4.1-2025-04-14 OpenAI Grok-4-fast-reasoning (Γ) xAI
GPT-4.1-mini-2025-04-14 OpenAI o1-2024-12-17 (Γ) OpenAI
GPT-4o-2024-08-06 OpenAI o1-mini-2024-09-12 (Γ) OpenAI
GPT-4o-mini-2024-07-18 OpenAI o3-2025-04-16 (Γ) OpenAI
GPT-5-2025-08-07 (Γ) OpenAI o3-mini-2025-01-31 (Γ) OpenAI

C SELECTED LLM DETAILS

We present in Table 3 the comprehensive suite of open-source LLMs we could fit on our hardware
(see Appendix D) or can be process on a provider API (e.g. Mistral AI) or a third party service
(e.g. OpenRouter) (details in Table 3), detailing their origins and respective sizes, while in Table 4,
we present the comprehensive suite of private LLMs benchmarked in our study. The selection was
curated to cover a wide spectrum of parameter counts, and to include those with specializations in
French (Υ) or reasoning (Γ). All LLMs are downloaded from the HuggingFace Model repository
(Wolf et al., 2020) using default parameters.
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D HARDWARE AND PRIVATE LLM INFERENCE BUDGET

D.1 HARDWARE

We rely on three NVIDIA RTX 6000 ADA with 49 GB of memory, without memory pooling; thus,
the maximum size we can fit is around 32B parameters to achieve a sufficient batch size to process
the experiment in a reasonable timeframe (i.e. a month or so).

D.2 PRIVATE LLM INFERENCE BUDGET

We allocated approximately 2,000 USD for using private LLM APIs (e.g. OpenAI, Anthropic) during
development, prototyping, and prompt tuning. For the complete inference loop across all selected
private LLMs and tasks, we allocated a budget of nearly $ 17,500 USD. It took approximately four
weeks to process all private model inference in parallel.

E COMPLETE EXPERIMENTS RESULTS

In this section, we present our complete composite score in Table 5 and complete results split by task
category in Table 6, Table 7, Table 8, and Table 9.
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Table 5: Composite score performance of all 111 LLMs. Scores are reported as percentages (%) and
are ranked in descending order (▼). We bolded our baseline result.

LLM
CS

Acc.
(%) (▼)

LLM
CS

Acc.
(%) (▼)

GPT-5-mini-2025-08-07 (Γ) 70.12 Qwen2.5-7B 39.78
o3-mini-2025-01-31 (Γ) 68.98 Reka-flash-3 (Γ) 38.77
GPT-4.1-mini-2025-04-14 67.68 Qwen2.5-32B-it 38.55
Claude-opus-4-20250514 (Γ) 67.13 Granite-3.3-8b-base 38.42
Claude-opus-4-1-20250805 (Γ) 66.60 Llama-3.2-3B-it (Γ) 38.27
Claude-sonnet-4-5-20250929 (Γ) 66.40 Aya-expanse-8b 37.87
Claude-sonnet-4-20250514 (Γ) 65.76 Lucie-7B (Υ) 37.84
GPT-4o-mini-2024-07-18 65.72 DeepSeek-R1-Distill-Qwen-14B (Γ) 37.77
Gemini-2.5-pro (Γ) 65.43 Llama-3.2-1B (Γ) 37.62
DeepSeek-chat 65.20 Mixtral-8x7B-v0.1 37.04
Qwen3-235b-a22b 64.88 Command-r7b-12-2024 36.54
o1-mini-2024-09-12 (Γ) 64.44 Lucie-7B-it-human-data (Υ) 35.41
GPT-4.1-2025-04-14 64.38 OLMo-2-1124-7B-it 35.20
o1-2024-12-17 (Γ) 64.36 Qwen2.5-1.5B 34.88
Kimi-k2-0905 64.33 Granite-3.3-8b-it 34.80
o3-2025-04-16 (Γ) 64.15 Qwen2.5-0.5B 34.38
GLM-4.5 63.62 Phi-3.5-mini-it 34.28
GPT-5-2025-08-07 (Γ) 63.61 Gemma-2-2b (Γ) 34.22
Command-a-03-2025 63.45 OLMo-2-0425-1B-it 34.19
GPT-4o-2024-08-06 63.04 Gemma-2-27b (Γ) 34.19
GPT-5.1-2025-11-13 (Γ) 63.00 OLMo-2-1124-13B-it 34.12
Grok-3-latest (Γ) 62.34 Chocolatine-14B-it-DPO-v1.3 (Υ) 33.95
Grok-4-0709 (Γ) 62.31 Gemma-2-9b (Γ) 33.86
Gemini-2.5-flash 62.21 SmolLM2-1.7B-it 33.86
DeepSeek-reasoner (Γ) 62.20 Gemma-2-2b-it (Γ) 33.85
Claude-haiku-4-5-20251001 62.09 OLMo-2-1124-7B 33.77
Grok-3-mini-latest (Γ) 62.01 SmolLM2-1.7B 33.77
Grok-4-fast-reasoning (Γ) 61.97 Mixtral-8x7B-it-v0.1 33.77
GPT-oss-120b (Γ) 61.97 DeepSeek-R1-Distill-Qwen-7B (Γ) 33.34
Grok-3-fast-latest (Γ) 61.95 Llama-3.2-3B (Γ) 33.26
Grok-3-mini-fast-latest (Γ) 61.57 Apertus-8B-it-2509 33.20
Mistral-large-latest (Γ) 60.70 Meta-Llama-3.1-8B (Γ) 33.12
Grok-4-fast-non-reasoning (Γ) 60.66 OLMo-2-0325-32B 33.05
Pixtral-large-latest 60.48 OLMo-2-0425-1B 32.84
Aya-expanse-32b 60.33 Gemma-2-27b-it (Γ) 32.81
Qwen3-235b-a22b-thinking-2507 51.73 Apertus-8B-2509 32.48
Command-r-plus-08-2024 50.77 Qwen2.5-1.5B-it 32.32
Qwen-max 49.14 Qwen2.5-3B-it 32.25
Command-r-08-2024 47.77 Llama-3.2-1B-it (Γ) 32.15
Qwen3-14B 45.17 Qwen2.5-3B 32.08
Chocolatine-2-14B-it-v2.0.3 (Υ) 45.05 OLMo-2-1124-13B 31.61
QwQ-32B (Γ) 44.94 DeepSeek-R1-Distill-Llama-8B (Γ) 31.51
DeepSeek-R1-Distill-Qwen-32B (Γ) 44.92 Random 31.22
Qwen3-14B-Base 44.49 Qwen2.5-0.5B-it 30.74
French-Alpaca-Llama3-8B-it-v1.0 (ΓΥ) 44.42 Aya-23-8b 30.71
Qwen2.5-14B-it 44.01 Gemma-2-9b-it (Γ) 30.34
S1.1-32B (Γ) 42.53 CroissantLLMBase (Υ) 30.21
Phi-4 42.16 SmolLM2-135M-it 29.84
Granite-3.2-8b-it 41.33 SmolLM2-360M 29.83
Qwen2.5-32B 41.19 GPT-oss-20b (Γ) 29.72
Qwen2.5-7B-it 40.19 Lucie-7B-it-v1.1 (Υ) 29.18
Meta-Llama-3.1-8B-it (Γ) 40.13 SmolLM2-360M-it 29.10
Deepthink-Reasoning-14B (Γ) 40.07 DeepSeek-R1-0528-Qwen3-8B 29.06
Deepthink-Reasoning-7B (Γ) 39.96 OLMo-2-0325-32B-it 28.45
Qwen2.5-14B 39.79 SmolLM2-135M 28.38
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Table 6: Performance across Sentiment, Paraphrase and Similarity tasks. Scores are reported as
percentages (%).

LLM Allocine
Acc. (%)

DACCORD
Acc. (%)

MMS
Acc. (%)

PAWS-X
Acc. (%)

STS22
Acc. (%)

Apertus-8B-2509 48.83 49.61 20.97 49.55 19.44
Apertus-8B-it-2509 51.59 50.19 38.76 54.90 22.22
Aya-23-8b 46.20 49.90 39.48 48.55 26.39
Aya-expanse-32b 95.17 92.65 74.22 70.00 40.28
Aya-expanse-8b 94.84 86.85 74.48 77.15 16.67
Chocolatine-14B-it-DPO-v1.3 (Υ) 53.05 60.83 33.95 54.90 29.17
Chocolatine-2-14B-it-v2.0.3 (Υ) 80.73 54.84 52.47 46.10 30.56
Claude-haiku-4-5-20251001 96.32 96.42 75.47 76.25 45.83
Claude-opus-4-1-20250805 (Γ) 97.06 95.74 76.06 79.00 50.00
Claude-opus-4-20250514 (Γ) 96.92 95.07 75.65 79.05 51.39
Claude-sonnet-4-20250514 (Γ) 96.73 96.62 75.29 75.25 58.33
Claude-sonnet-4-5-20250929 (Γ) 97.01 95.94 75.75 79.45 58.33
Command-a-03-2025 95.95 96.13 74.97 80.00 50.00
Command-r-08-2024 61.08 77.56 43.31 60.10 43.06
Command-r-plus-08-2024 91.66 50.58 40.32 61.80 36.11
Command-r7b-12-2024 71.59 50.19 63.74 55.05 27.78
CroissantLLMBase (Υ) 47.98 49.81 39.50 48.55 22.22
DeepSeek-R1-0528-Qwen3-8B 30.18 47.10 12.11 49.80 13.89
DeepSeek-R1-Distill-Llama-8B (Γ) 57.60 52.80 42.70 48.10 26.39
DeepSeek-R1-Distill-Qwen-14B (Γ) 68.64 72.53 71.36 48.70 26.39
DeepSeek-R1-Distill-Qwen-32B (Γ) 94.21 58.99 73.17 54.50 38.89
DeepSeek-R1-Distill-Qwen-7B (Γ) 41.05 50.87 33.75 50.25 27.78
DeepSeek-chat 95.20 92.75 73.11 75.80 50.00
DeepSeek-reasoner (Γ) 95.71 96.23 73.90 77.45 52.78
Deepthink-Reasoning-14B (Γ) 29.39 70.50 40.43 53.75 25.00
Deepthink-Reasoning-7B (Γ) 55.22 50.48 70.49 54.90 37.50
French-Alpaca-Llama3-8B-it-v1.0 (ΓΥ) 78.44 56.67 43.98 47.65 31.94
GLM-4.5 94.67 95.84 74.25 75.00 48.61
GPT-4.1-2025-04-14 96.20 96.81 75.56 77.05 50.00
GPT-4.1-mini-2025-04-14 95.43 93.91 75.18 73.45 51.39
GPT-5.1-2025-11-13 (Γ) 95.78 96.62 75.69 76.80 54.17
GPT-4o-2024-08-06 94.44 96.62 74.92 78.00 47.22
GPT-4o-mini-2024-07-18 95.52 93.13 74.00 77.10 56.94
GPT-5-2025-08-07 (Γ) 97.08 96.13 75.27 78.45 47.22
GPT-5-mini-2025-08-07 (Γ) 96.47 96.42 75.21 77.45 58.33
GPT-oss-120b (Γ) 94.71 95.84 71.72 77.40 52.78
GPT-oss-20b (Γ) 49.95 50.39 21.05 46.95 25.00
Gemini-2.5-flash 89.58 95.16 72.81 77.45 48.61
Gemini-2.5-pro (Γ) 96.58 97.39 75.50 76.95 50.00
Gemma-2-27b-it (Γ) 17.81 50.19 27.54 50.95 25.00
Gemma-2-27b (Γ) 44.84 49.23 21.92 50.80 27.78
Gemma-2-2b-it (Γ) 11.37 49.61 16.68 50.30 23.61
Gemma-2-2b (Γ) 48.39 49.81 21.78 46.70 26.39
Gemma-2-9b-it (Γ) 46.59 21.08 6.01 58.55 9.72
Gemma-2-9b (Γ) 47.77 49.71 21.50 45.80 31.94
Granite-3.2-8b-it 92.90 49.90 48.70 49.90 30.56
Granite-3.3-8b-base 52.46 52.61 40.80 48.05 37.50

Continued on next page

20



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

Table 6 – continued from previous page

LLM Allocine
Acc. (%)

DACCORD
Acc. (%)

MMS
Acc. (%)

PAWS-X
Acc. (%)

STS22
Acc. (%)

Granite-3.3-8b-it 74.72 49.32 37.58 46.65 27.78
Grok-3-fast-latest (Γ) 95.80 96.62 74.38 77.75 41.67
Grok-3-latest (Γ) 95.83 96.62 74.39 77.80 44.44
Grok-3-mini-fast-latest (Γ) 95.87 97.49 75.35 75.80 55.56
Grok-3-mini-latest (Γ) 95.83 97.29 75.26 76.60 54.17
Grok-4-0709 (Γ) 96.98 91.97 76.24 73.95 44.44
Grok-4-fast-non-reasoning (Γ) 96.06 95.74 75.76 74.85 50.00
Grok-4-fast-reasoning (Γ) 96.75 95.94 75.55 76.20 45.83
Kimi-k2-0905 95.39 93.81 0.00 77.05 55.56
Llama-3.2-1B-it (Γ) 58.78 49.90 34.03 52.50 31.94
Llama-3.2-1B (Γ) 51.93 49.52 39.98 50.70 26.39
Llama-3.2-3B-it (Γ) 54.97 59.19 70.60 50.45 30.56
Llama-3.2-3B (Γ) 51.89 50.00 39.25 54.00 33.33
Lucie-7B-it-human-data (Υ) 52.11 50.58 36.59 54.75 23.61
Lucie-7B-it-v1.1 (Υ) 43.36 48.74 54.80 49.95 19.44
Lucie-7B (Υ) 47.57 49.90 39.95 54.10 20.83
Meta-Llama-3.1-8B-it (Γ) 82.30 74.37 56.18 54.85 37.50
Meta-Llama-3.1-8B (Γ) 52.48 50.10 48.26 52.35 27.78
Mistral-large-latest (Γ) 95.76 95.07 75.31 77.50 48.61
Mixtral-8x7B-it-v0.1 60.52 49.42 40.26 53.70 18.06
Mixtral-8x7B-v0.1 52.06 49.71 39.88 47.50 27.78
OLMo-2-0325-32B-it 3.89 47.10 15.25 43.70 26.39
OLMo-2-0325-32B 46.92 50.19 19.36 47.60 33.33
OLMo-2-0425-1B-it 48.58 49.13 27.58 51.40 25.00
OLMo-2-0425-1B 46.85 48.84 22.09 52.90 23.61
OLMo-2-1124-13B-it 49.79 48.94 28.27 52.30 27.78
OLMo-2-1124-13B 48.43 50.10 26.94 48.55 27.78
OLMo-2-1124-7B-it 31.85 50.87 27.82 52.25 23.61
OLMo-2-1124-7B 43.44 48.65 24.29 51.05 25.00
Phi-3.5-mini-it 29.30 29.40 21.95 45.60 13.89
Phi-4 60.36 64.51 65.67 45.55 25.00
Pixtral-large-latest 94.46 96.32 73.49 71.25 43.06
QwQ-32B (Γ) 91.14 51.64 72.16 61.75 25.00
Qwen2.5-0.5B-it 47.87 47.39 36.88 51.25 31.94
Qwen2.5-0.5B 51.68 47.58 37.40 49.85 29.17
Qwen2.5-1.5B-it 47.88 49.81 21.08 48.60 25.00
Qwen2.5-1.5B 47.69 49.81 20.53 49.00 26.39
Qwen2.5-14B-it 29.22 71.28 40.39 55.05 25.00
Qwen2.5-14B 84.36 78.34 55.24 46.75 27.78
Qwen2.5-32B-it 52.94 58.80 61.21 61.30 38.89
Qwen2.5-32B 72.93 85.01 67.96 53.30 22.22
Qwen2.5-3B-it 59.98 50.97 40.15 49.25 22.22
Qwen2.5-3B 45.87 48.74 21.19 47.95 27.78
Qwen2.5-7B-it 55.43 50.48 70.32 54.95 36.11
Qwen2.5-7B 84.19 61.80 62.92 49.05 34.72
Qwen3-14B-Base 92.94 52.42 69.78 53.00 31.94
Qwen3-14B 86.94 61.80 72.32 55.25 30.56
Qwen3-235b-a22b-thinking-2507 77.73 64.60 62.21 71.80 34.72
Qwen3-235b-a22b 95.57 94.87 74.16 77.90 45.83
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Qwen-max 42.77 67.89 48.98 60.45 27.78
Random 50.44 50.00 33.60 50.80 30.56
Reka-flash-3 (Γ) 79.38 53.09 54.23 54.45 31.94
S1.1-32B (Γ) 58.42 49.81 63.10 54.65 22.22
SmolLM2-1.7B-it 47.84 48.55 29.71 49.40 22.22
SmolLM2-1.7B 46.94 49.71 20.53 44.65 23.61
SmolLM2-135M-it 48.12 49.71 30.53 50.60 29.17
SmolLM2-135M 48.09 50.00 39.14 53.95 26.39
SmolLM2-360M-it 49.65 53.29 38.86 50.50 22.22
SmolLM2-360M 47.58 50.58 29.65 54.70 27.78
o1-2024-12-17 (Γ) 96.02 97.39 75.65 78.20 45.83
o1-mini-2024-09-12 (Γ) 95.22 94.49 74.48 76.85 44.44
o3-2025-04-16 (Γ) 96.97 97.00 75.47 79.30 52.78
o3-mini-2025-01-31 (Γ) 95.38 96.81 74.67 80.00 50.00

Table 7: Performance across Natural Language Inference tasks. Scores are reported as percentages
(%).

LLM FraCaS
Acc. (%)

GQNLI-Fr
Acc. (%)

LingNLI-Fr
Acc. (%)

MNLI-9/11-Fr
Acc. (%)

RTE3-Fr
Acc. (%)

SICK-Fr
Acc. (%)

XNLI-Fr
Acc. (%)

Apertus-8B-2509 14.03 26.67 31.70 31.70 38.12 49.86 33.41

Apertus-8B-it-2509 11.94 30.00 32.97 33.65 10.12 31.31 32.65

Aya-23-8b 9.85 30.00 32.03 32.70 9.88 15.37 33.33

Aya-expanse-32b 58.51 66.67 66.65 67.45 63.12 43.11 70.76

Aya-expanse-8b 36.12 56.67 56.18 63.60 56.12 57.93 62.42

Chocolatine-14B-it-DPO-v1.3 (Υ) 28.06 36.67 33.58 33.40 28.75 31.72 34.55

Chocolatine-2-14B-it-v2.0.3 (Υ) 47.46 36.67 36.36 36.35 45.12 23.93 37.98

Claude-haiku-4-5-20251001 64.18 60.00 66.81 68.25 80.38 69.96 69.76

Claude-opus-4-1-20250805 (Γ) 63.28 66.67 71.94 72.95 83.38 76.87 78.44

Claude-opus-4-20250514 (Γ) 61.79 60.00 69.55 70.30 82.88 75.64 75.63

Claude-sonnet-4-20250514 (Γ) 58.21 63.33 72.70 72.70 86.75 78.88 73.69

Claude-sonnet-4-5-20250929 (Γ) 64.78 70.00 71.33 75.65 85.25 78.98 80.16

Command-a-03-2025 60.00 63.33 67.10 68.25 80.25 83.04 68.74

Command-r-08-2024 66.57 36.67 58.14 59.80 62.88 59.32 53.55

Command-r-plus-08-2024 62.09 40.00 38.28 40.45 54.50 67.28 40.48

Command-r7b-12-2024 60.90 40.00 35.36 35.25 51.12 28.62 33.33

CroissantLLMBase (Υ) 9.85 30.00 32.05 32.70 9.12 14.51 33.33

DeepSeek-R1-0528-Qwen3-8B 37.01 40.00 33.78 33.65 29.88 45.64 25.79

DeepSeek-R1-Distill-Llama-8B (Γ) 20.60 46.67 33.89 32.60 41.38 15.39 32.87

DeepSeek-R1-Distill-Qwen-14B (Γ) 44.18 40.00 43.18 45.45 31.87 20.77 53.55

DeepSeek-R1-Distill-Qwen-32B (Γ) 51.04 36.67 47.70 51.40 54.50 55.01 48.70

DeepSeek-R1-Distill-Qwen-7B (Γ) 48.36 23.33 33.50 34.25 50.62 56.67 32.61

DeepSeek-chat 35.22 26.67 61.27 63.50 70.25 33.49 64.61

DeepSeek-reasoner (Γ) 63.88 46.67 62.17 63.60 74.25 69.71 66.05

Deepthink-Reasoning-14B (Γ) 29.55 33.33 42.20 50.45 38.50 48.12 51.92

Deepthink-Reasoning-7B (Γ) 42.69 53.33 36.85 41.00 60.62 36.36 39.20

French-Alpaca-Llama3-8B-it-v1.0 (ΓΥ) 60.30 40.00 35.23 35.30 50.88 28.62 33.83

GLM-4.5 60.60 56.67 64.46 65.20 80.75 79.66 66.87

GPT-4.1-2025-04-14 63.88 70.00 73.19 75.20 83.00 80.17 71.88

GPT-4.1-mini-2025-04-14 54.93 70.00 65.77 66.90 81.12 72.85 70.68

GPT-5.1-2025-11-13 (Γ) 55.22 66.67 69.30 73.75 80.88 85.32 70.18

GPT-4o-2024-08-06 58.21 66.67 70.75 72.40 79.00 80.00 71.98
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LLM FraCaS
Acc. (%)

GQNLI-Fr
Acc. (%)

LingNLI-Fr
Acc. (%)

MNLI-9/11-Fr
Acc. (%)

RTE3-Fr
Acc. (%)

SICK-Fr
Acc. (%)

XNLI-Fr
Acc. (%)

GPT-4o-mini-2024-07-18 66.27 53.33 63.44 63.80 76.62 77.44 67.56

GPT-5-2025-08-07 (Γ) 43.88 60.00 57.49 61.25 82.50 80.41 62.73

GPT-5-mini-2025-08-07 (Γ) 58.21 66.67 63.64 66.50 85.88 80.84 74.25

GPT-oss-120b (Γ) 41.49 56.67 61.70 65.25 83.88 84.08 65.67

GPT-oss-20b (Γ) 25.37 30.00 33.89 34.00 15.50 37.89 31.30

Gemini-2.5-flash 60.30 63.33 66.40 66.25 79.50 72.85 69.84

Gemini-2.5-pro (Γ) 55.82 70.00 67.89 67.50 85.62 71.40 70.68

Gemma-2-27b-it (Γ) 54.63 40.00 32.21 30.60 45.00 35.30 31.82

Gemma-2-27b (Γ) 31.94 33.33 31.19 30.45 21.50 28.54 30.84

Gemma-2-2b-it (Γ) 31.64 30.00 30.29 29.80 33.50 56.44 25.47

Gemma-2-2b (Γ) 33.73 33.33 33.54 33.25 33.50 55.52 32.83

Gemma-2-9b-it (Γ) 45.07 23.33 25.04 22.85 30.63 7.32 19.54

Gemma-2-9b (Γ) 25.97 36.67 32.60 29.40 40.38 56.22 33.27

Granite-3.2-8b-it 60.90 40.00 35.40 35.25 51.25 28.64 33.25

Granite-3.3-8b-base 61.19 46.67 35.21 35.55 48.38 30.78 33.49

Granite-3.3-8b-it 37.01 26.67 33.21 33.70 35.38 37.22 33.61

Grok-3-fast-latest (Γ) 57.31 60.00 67.67 70.45 82.38 73.85 67.56

Grok-3-latest (Γ) 58.81 66.67 67.28 70.75 82.12 73.77 67.37

Grok-3-mini-fast-latest (Γ) 34.03 50.00 58.19 57.70 82.50 77.48 60.84

Grok-3-mini-latest (Γ) 35.82 56.67 57.92 58.00 82.75 78.54 60.28

Grok-4-0709 (Γ) 36.42 56.67 55.69 57.95 83.88 75.30 58.34

Grok-4-fast-non-reasoning (Γ) 54.03 43.33 58.49 64.00 80.25 80.92 63.33

Grok-4-fast-reasoning (Γ) 38.21 56.67 57.47 60.00 86.50 81.33 59.28

Kimi-k2-0905 61.49 56.67 63.38 67.05 82.00 75.32 68.12

Llama-3.2-1B-it (Γ) 54.93 16.67 33.17 33.15 47.25 28.70 32.97

Llama-3.2-1B (Γ) 61.49 40.00 34.91 35.25 51.25 28.62 32.51

Llama-3.2-3B-it (Γ) 29.85 43.33 38.71 37.50 49.88 41.19 40.90

Llama-3.2-3B (Γ) 13.13 33.33 31.31 32.05 12.38 14.51 33.11

Lucie-7B-it-human-data (Υ) 42.99 40.00 34.85 36.65 12.50 19.81 33.51

Lucie-7B-it-v1.1 (Υ) 10.45 30.00 31.76 32.85 9.00 14.51 31.58

Lucie-7B (Υ) 60.30 36.67 35.34 35.25 42.75 19.26 33.37

Meta-Llama-3.1-8B-it (Γ) 40.90 36.67 38.22 39.95 41.75 58.56 38.38

Meta-Llama-3.1-8B (Γ) 60.90 40.00 35.32 35.20 46.25 21.83 33.25

Mistral-large-latest (Γ) 58.81 46.67 65.89 66.15 75.62 70.83 66.51

Mixtral-8x7B-it-v0.1 40.30 46.67 34.42 34.05 32.88 20.57 32.81

Mixtral-8x7B-v0.1 60.30 40.00 35.07 35.50 49.38 28.01 33.37

OLMo-2-0325-32B-it 40.90 16.67 31.23 31.05 27.62 23.81 13.85

OLMo-2-0325-32B 58.21 36.67 31.86 34.05 27.25 32.25 32.85

OLMo-2-0425-1B-it 16.72 33.33 31.70 34.10 35.00 46.49 33.67

OLMo-2-0425-1B 48.36 36.67 34.87 33.30 41.75 55.67 33.39

OLMo-2-1124-13B-it 25.97 20.00 31.00 31.10 20.62 24.54 32.12

OLMo-2-1124-13B 18.81 20.00 31.35 31.60 30.00 14.59 32.61

OLMo-2-1124-7B-it 25.97 50.00 33.11 33.25 29.12 27.99 37.80

OLMo-2-1124-7B 31.04 33.33 31.98 31.95 45.38 29.11 32.16

Phi-3.5-mini-it 29.25 30.00 32.29 32.00 41.50 69.34 33.31

Phi-4 60.30 40.00 35.64 35.65 62.00 66.35 46.79

Pixtral-large-latest 52.84 63.33 64.05 63.45 82.75 72.32 66.67

QwQ-32B (Γ) 21.19 40.00 38.63 40.75 44.00 60.86 46.01

Qwen2.5-0.5B-it 25.97 30.00 32.70 31.50 15.88 15.43 32.97

Qwen2.5-0.5B 47.76 23.33 33.82 34.55 44.88 22.36 33.41

Qwen2.5-1.5B-it 25.67 30.00 32.17 32.00 39.62 55.65 33.57

Qwen2.5-1.5B 29.25 30.00 32.60 32.05 39.75 56.87 33.33

Qwen2.5-14B-it 29.25 30.00 42.49 50.05 37.62 48.86 51.86

Qwen2.5-14B 28.96 26.67 36.69 42.15 54.00 55.93 48.28

Qwen2.5-32B-it 17.31 30.00 32.70 34.90 38.38 53.55 40.06
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LLM FraCaS
Acc. (%)

GQNLI-Fr
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LingNLI-Fr
Acc. (%)

MNLI-9/11-Fr
Acc. (%)

RTE3-Fr
Acc. (%)

SICK-Fr
Acc. (%)

XNLI-Fr
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Qwen2.5-32B 31.04 33.33 38.61 44.10 28.00 59.74 34.57

Qwen2.5-3B-it 28.96 30.00 33.46 32.55 39.50 56.75 33.21

Qwen2.5-3B 34.93 30.00 33.03 31.65 39.38 31.13 33.11

Qwen2.5-7B-it 45.97 53.33 37.13 41.50 59.62 36.59 39.46

Qwen2.5-7B 44.18 50.00 40.00 43.65 56.88 58.19 45.69

Qwen3-14B-Base 62.69 26.67 45.82 53.30 49.12 30.55 58.90

Qwen3-14B 55.82 30.00 54.20 60.80 56.62 40.38 60.68

Qwen3-235b-a22b-thinking-2507 22.09 30.00 36.69 48.85 80.50 73.13 38.60

Qwen3-235b-a22b 42.99 70.00 59.62 59.20 81.75 80.47 60.68

Qwen-max 46.87 50.00 56.88 61.25 70.75 63.13 57.23

Random 30.15 26.67 33.52 34.20 34.12 33.31 34.29

Reka-flash-3 (Γ) 39.10 23.33 44.35 48.05 54.00 45.52 52.50

S1.1-32B (Γ) 28.06 40.00 43.67 50.55 69.50 45.56 46.09

SmolLM2-1.7B-it 53.13 33.33 35.19 34.75 44.38 47.88 33.23

SmolLM2-1.7B 28.96 30.00 32.56 32.10 39.75 56.89 37.15

SmolLM2-135M-it 16.42 30.00 32.45 32.35 22.38 26.89 33.99

SmolLM2-135M 11.34 26.67 32.78 33.15 12.38 14.51 33.07

SmolLM2-360M-it 31.34 16.67 33.58 33.75 21.38 18.00 35.45

SmolLM2-360M 35.82 16.67 33.84 33.35 31.75 16.02 32.97

o1-2024-12-17 (Γ) 45.07 63.33 66.95 67.30 87.25 83.92 67.49

o1-mini-2024-09-12 (Γ) 37.91 60.00 56.88 57.20 80.88 81.10 58.06

o3-2025-04-16 (Γ) 45.07 56.67 62.46 63.45 87.00 82.65 70.50

o3-mini-2025-01-31 (Γ) 56.12 73.33 66.14 68.20 80.75 79.70 71.22

Table 8: Performance across Question Answering and Grammatical Acceptability tasks. Scores are
reported as percentages (%).

LLM FQuAD
EM (%)

FQuAD
F1 (%)

Fr-BoolQ
Acc. (%)

PIAF
EM (%)

PIAF
F1 (%)

MultiBLiMP-Fr
Acc. (%)

QFrBLiMP
Acc. (%)

QFrCoLA
Acc. (%)

Apertus-8B-2509 25.00 6.37 46.07 26.04 5.73 40.26 50.28 42.30

Apertus-8B-it-2509 50.00 18.19 49.44 0.00 14.32 49.35 51.80 31.61

Aya-23-8b 25.00 21.05 48.88 1.04 17.53 45.45 50.47 62.67

Aya-expanse-32b 15.25 44.57 77.53 7.81 32.58 93.51 86.39 67.81

Aya-expanse-8b 21.25 48.67 80.90 14.06 35.53 2.60 4.54 70.14

Chocolatine-14B-it-DPO-v1.3 (Υ) 50.00 4.41 50.00 0.00 0.00 59.74 64.27 30.93

Chocolatine-2-14B-it-v2.0.3 (Υ) 21.50 55.57 44.38 17.19 46.52 94.81 86.01 72.52

Claude-haiku-4-5-20251001 0.00 0.00 93.82 0.00 0.00 98.70 89.22 81.35

Claude-opus-4-1-20250805 (Γ) 0.00 2.78 96.63 0.00 10.42 98.70 89.98 82.53

Claude-opus-4-20250514 (Γ) 0.00 0.00 94.94 26.04 29.11 98.70 88.66 82.31

Claude-sonnet-4-20250514 (Γ) 0.00 2.78 96.63 0.00 10.42 97.40 88.85 82.63

Claude-sonnet-4-5-20250929 (Γ) 0.00 2.78 95.51 0.00 0.00 98.70 88.09 83.34

Command-a-03-2025 1.75 3.41 97.19 1.82 3.38 98.70 90.36 81.31

Command-r-08-2024 50.00 6.04 85.39 52.08 2.22 55.84 49.15 59.83

Command-r-plus-08-2024 25.00 49.61 77.53 16.15 36.94 57.14 63.33 72.37

Command-r7b-12-2024 0.00 0.00 50.00 0.00 0.00 48.05 48.02 30.51

CroissantLLMBase (Υ) 0.00 2.18 48.31 0.00 59.80 45.45 49.53 59.91

DeepSeek-R1-0528-Qwen3-8B 0.00 7.80 50.00 0.00 7.41 53.25 51.23 48.66

DeepSeek-R1-Distill-Llama-8B (Γ) 0.00 6.93 43.82 0.00 8.20 50.65 51.23 55.96

DeepSeek-R1-Distill-Qwen-14B (Γ) 0.00 5.05 46.63 0.00 3.74 41.56 50.09 62.70

DeepSeek-R1-Distill-Qwen-32B (Γ) 0.00 8.58 65.17 0.00 7.94 58.44 60.11 67.45

DeepSeek-R1-Distill-Qwen-7B (Γ) 0.00 4.28 52.81 0.00 6.83 49.35 52.93 64.31

DeepSeek-chat 37.00 63.48 92.70 24.74 49.75 97.40 88.85 80.81

DeepSeek-reasoner (Γ) 7.75 13.54 93.26 7.81 14.39 97.40 89.98 81.08

Deepthink-Reasoning-14B (Γ) 1.25 26.18 53.93 0.00 23.50 89.61 69.94 54.90
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LLM FQuAD
EM (%)

FQuAD
F1 (%)

Fr-BoolQ
Acc. (%)

PIAF
EM (%)

PIAF
F1 (%)

MultiBLiMP-Fr
Acc. (%)

QFrBLiMP
Acc. (%)

QFrCoLA
Acc. (%)

Deepthink-Reasoning-7B (Γ) 1.50 4.27 55.62 52.08 5.91 49.35 52.74 65.33

French-Alpaca-Llama3-8B-it-v1.0 (ΓΥ) 100.00 8.46 51.69 78.12 9.51 58.44 53.88 65.35

GLM-4.5 9.50 36.00 96.07 8.07 24.73 77.92 87.15 80.57

GPT-4.1-2025-04-14 0.00 0.00 95.51 0.00 0.00 98.70 89.79 82.89

GPT-4.1-mini-2025-04-14 16.00 49.07 93.82 13.80 39.00 93.51 89.22 78.98

GPT-5.1-2025-11-13 (Γ) 0.00 0.00 92.13 0.00 0.00 96.10 89.41 83.50

GPT-4o-2024-08-06 0.00 2.78 94.38 0.00 0.00 98.70 88.47 82.85

GPT-4o-mini-2024-07-18 6.75 43.41 97.19 5.99 33.87 97.40 86.77 81.50

GPT-5-2025-08-07 (Γ) 0.00 0.00 94.38 0.00 10.42 98.70 90.93 83.99

GPT-5-mini-2025-08-07 (Γ) 12.50 43.26 96.07 7.29 31.87 98.70 89.22 81.90

GPT-oss-120b (Γ) 3.25 15.46 93.26 2.34 13.42 100.00 89.41 78.15

GPT-oss-20b (Γ) 0.00 16.05 52.25 0.00 12.76 38.96 51.98 53.46

Gemini-2.5-flash 0.00 0.00 95.51 0.00 0.00 100.00 88.66 80.86

Gemini-2.5-pro (Γ) 0.00 2.78 95.51 0.00 10.42 97.40 90.36 85.77

Gemma-2-27b-it (Γ) 3.00 4.48 53.37 2.60 3.87 59.74 58.98 44.12

Gemma-2-27b (Γ) 75.00 2.26 51.12 78.12 1.58 40.26 46.12 48.17

Gemma-2-2b-it (Γ) 75.00 2.08 56.74 0.00 55.22 44.16 51.61 55.76

Gemma-2-2b (Γ) 1.75 3.66 49.44 78.12 1.39 45.45 51.42 51.83

Gemma-2-9b-it (Γ) 2.50 5.92 57.87 52.08 1.15 64.94 69.19 69.32

Gemma-2-9b (Γ) 2.25 3.81 47.19 0.00 70.85 51.95 52.55 58.73

Granite-3.2-8b-it 14.75 48.03 51.69 12.76 41.76 45.45 54.25 67.19

Granite-3.3-8b-base 75.00 17.64 50.56 1.82 14.71 53.25 53.12 49.23

Granite-3.3-8b-it 0.00 27.02 52.25 0.00 21.45 49.35 50.85 64.90

Grok-3-fast-latest (Γ) 0.00 0.00 95.51 0.00 0.00 98.70 89.79 82.71

Grok-3-latest (Γ) 0.00 0.00 95.51 0.00 0.00 98.70 90.74 82.48

Grok-3-mini-fast-latest (Γ) 0.00 2.78 94.94 0.00 10.42 98.70 90.36 81.74

Grok-3-mini-latest (Γ) 0.00 2.78 94.38 0.00 10.42 100.00 90.36 82.00

Grok-4-0709 (Γ) 0.00 0.00 94.38 0.00 10.42 100.00 90.93 83.21

Grok-4-fast-non-reasoning (Γ) 0.00 0.00 93.82 0.00 10.42 97.40 89.22 80.16

Grok-4-fast-reasoning (Γ) 0.00 0.00 95.51 0.00 0.00 98.70 90.17 82.71

Kimi-k2-0905 2.25 5.75 95.51 78.12 2.52 90.91 86.58 79.45

Llama-3.2-1B-it (Γ) 3.00 3.96 47.75 1.04 1.94 44.16 49.34 48.30

Llama-3.2-1B (Γ) 25.00 1.43 55.62 26.04 72.41 51.95 50.09 34.75

Llama-3.2-3B-it (Γ) 3.25 6.89 60.67 26.04 3.16 51.95 55.95 60.15

Llama-3.2-3B (Γ) 75.00 2.83 50.56 0.00 53.34 46.75 48.58 31.83

Lucie-7B-it-human-data (Υ) 29.75 50.31 48.88 22.40 43.09 50.65 50.09 32.10

Lucie-7B-it-v1.1 (Υ) 0.00 23.69 43.82 0.00 18.87 46.75 47.83 39.11

Lucie-7B (Υ) 35.50 55.66 46.63 30.21 47.56 51.95 51.98 31.26

Meta-Llama-3.1-8B-it (Γ) 4.75 8.33 55.62 3.39 11.56 62.34 62.57 65.54

Meta-Llama-3.1-8B (Γ) 2.25 5.65 48.88 0.00 2.75 50.65 47.64 48.22

Mistral-large-latest (Γ) 0.00 0.00 94.38 0.00 0.00 96.10 90.17 82.18

Mixtral-8x7B-it-v0.1 4.25 39.73 49.44 4.95 33.12 41.56 39.32 35.56

Mixtral-8x7B-v0.1 10.50 32.99 49.44 9.11 26.52 53.25 57.84 63.99

OLMo-2-0325-32B-it 13.50 50.39 37.08 11.46 41.33 36.36 40.83 47.40

OLMo-2-0325-32B 11.25 37.14 42.70 7.29 28.97 46.75 43.10 45.49

OLMo-2-0425-1B-it 8.75 31.55 51.69 2.08 21.42 55.84 49.72 53.71

OLMo-2-0425-1B 1.25 11.37 44.94 26.04 7.82 50.65 45.56 32.12

OLMo-2-1124-13B-it 20.25 53.71 50.00 14.84 46.89 62.34 48.96 39.50

OLMo-2-1124-13B 11.50 41.84 41.57 8.85 34.06 46.75 52.17 51.76

OLMo-2-1124-7B-it 15.75 47.13 51.69 9.64 38.67 58.44 56.90 58.79

OLMo-2-1124-7B 9.00 32.02 57.30 5.99 25.49 50.65 53.88 63.57

Phi-3.5-mini-it 50.00 5.37 48.88 52.08 3.05 50.65 51.98 68.71

Phi-4 0.00 83.98 50.00 0.00 6.34 46.75 49.15 54.09

Pixtral-large-latest 0.00 8.18 97.75 0.00 0.00 93.51 88.28 80.69

QwQ-32B (Γ) 50.00 18.85 71.91 0.00 17.70 83.12 78.64 58.34
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LLM FQuAD
EM (%)

FQuAD
F1 (%)

Fr-BoolQ
Acc. (%)

PIAF
EM (%)

PIAF
F1 (%)

MultiBLiMP-Fr
Acc. (%)

QFrBLiMP
Acc. (%)

QFrCoLA
Acc. (%)

Qwen2.5-0.5B-it 50.00 4.88 50.00 0.00 9.98 50.65 46.69 37.97

Qwen2.5-0.5B 50.00 3.93 51.69 0.00 12.05 54.55 48.39 62.95

Qwen2.5-1.5B-it 0.00 1.56 49.44 26.04 1.56 46.75 48.39 59.70

Qwen2.5-1.5B 5.50 11.83 51.69 0.00 66.69 61.04 48.96 51.03

Qwen2.5-14B-it 100.00 26.69 52.81 0.00 23.62 92.21 70.51 54.13

Qwen2.5-14B 2.75 12.49 55.06 1.04 7.76 48.05 48.58 56.59

Qwen2.5-32B-it 1.25 25.08 46.07 1.04 20.72 63.64 53.31 65.00

Qwen2.5-32B 4.75 18.32 47.75 2.08 16.15 46.75 58.60 54.84

Qwen2.5-3B-it 1.25 5.43 49.44 1.04 4.35 45.45 51.98 44.18

Qwen2.5-3B 25.00 5.11 44.38 1.04 5.82 51.95 52.93 54.92

Qwen2.5-7B-it 1.25 4.82 52.81 52.08 5.12 57.14 52.74 64.71

Qwen2.5-7B 2.50 7.77 51.12 1.04 7.29 61.04 49.53 46.25

Qwen3-14B-Base 1.50 15.52 54.49 1.82 16.55 54.55 64.46 66.09

Qwen3-14B 25.00 19.85 56.74 26.04 17.96 48.05 57.28 42.49

Qwen3-235b-a22b-thinking-2507 6.00 10.91 61.24 8.07 19.62 98.70 90.74 72.67

Qwen3-235b-a22b 13.75 27.42 96.07 13.28 24.81 96.10 89.60 77.86

Qwen-max 15.50 46.81 65.17 10.68 36.18 70.13 56.52 26.95

Random 0.00 0.00 55.62 0.00 6.51 51.95 49.15 49.46

Reka-flash-3 (Γ) 0.00 9.39 54.49 26.04 9.54 49.35 55.01 60.12

S1.1-32B (Γ) 0.00 16.74 52.81 26.04 16.44 55.84 60.30 55.00

SmolLM2-1.7B-it 25.00 1.23 47.19 0.00 18.34 49.35 48.77 54.29

SmolLM2-1.7B 0.00 47.06 46.63 0.00 16.34 55.84 53.31 63.31

SmolLM2-135M-it 0.00 18.15 42.13 0.00 5.60 42.86 50.85 64.14

SmolLM2-135M 0.00 22.88 47.19 0.00 2.15 50.65 52.17 34.73

SmolLM2-360M-it 0.00 14.73 44.38 0.00 12.85 46.75 50.66 31.95

SmolLM2-360M 0.00 15.59 50.56 0.00 6.78 57.14 51.23 34.32

o1-2024-12-17 (Γ) 0.00 0.00 97.19 0.00 0.00 100.00 91.49 84.00

o1-mini-2024-09-12 (Γ) 8.00 40.05 93.82 6.77 31.60 96.10 87.71 80.28

o3-2025-04-16 (Γ) 0.00 0.00 94.94 0.00 0.00 98.70 91.49 85.33

o3-mini-2025-01-31 (Γ) 9.50 43.04 94.38 8.59 33.92 98.70 89.22 80.82

Table 9: Performance across Regional, Lexical and Pronoun Resolution tasks. Scores are reported as
percentages (%).

LLM QFrCoRE
Acc. (%)

QFrCoRT
Acc. (%)

Wino-X-LM
Acc. (%)

Wino-X-MT
Acc. (%)

WSD
EM (%)

Apertus-8B-2509 9.76 14.04 49.98 49.70 0.00
Apertus-8B-it-2509 13.40 18.13 50.66 49.53 0.00
Aya-23-8b 9.99 12.87 49.12 49.93 0.00
Aya-expanse-32b 53.87 74.85 73.18 45.38 26.88
Aya-expanse-8b 34.08 54.39 57.11 49.90 38.39
Chocolatine-14B-it-DPO-v1.3 (Υ) 9.61 10.53 57.72 49.97 2.92
Chocolatine-2-14B-it-v2.0.3 (Υ) 11.33 12.28 64.63 53.08 17.85
Claude-haiku-4-5-20251001 87.29 92.98 81.35 57.60 0.32
Claude-opus-4-1-20250805 (Γ) 95.38 99.42 92.77 85.04 0.00
Claude-opus-4-20250514 (Γ) 93.46 97.66 91.34 82.13 0.16
Claude-sonnet-4-20250514 (Γ) 91.75 97.66 92.23 73.59 1.51
Claude-sonnet-4-5-20250929 (Γ) 93.40 97.66 93.70 74.16 0.00
Command-a-03-2025 82.54 92.40 79.48 55.69 10.45
Command-r-08-2024 14.70 15.20 60.54 50.57 10.57
Command-r-plus-08-2024 44.57 67.84 60.40 50.80 23.90
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LLM QFrCoRE
Acc. (%)

QFrCoRT
Acc. (%)

Wino-X-LM
Acc. (%)

Wino-X-MT
Acc. (%)

WSD
EM (%)

Command-r7b-12-2024 41.27 40.35 51.99 50.27 0.00
CroissantLLMBase (Υ) 10.58 9.36 51.13 49.43 0.00
DeepSeek-R1-0528-Qwen3-8B 3.93 6.43 48.84 50.10 0.00
DeepSeek-R1-Distill-Llama-8B (Γ) 10.49 11.11 49.27 49.03 0.00
DeepSeek-R1-Distill-Qwen-14B (Γ) 32.18 35.67 50.59 49.46 0.00
DeepSeek-R1-Distill-Qwen-32B (Γ) 31.04 53.22 56.25 50.03 0.00
DeepSeek-R1-Distill-Qwen-7B (Γ) 8.72 12.87 50.38 48.09 0.00
DeepSeek-chat 83.92 92.40 79.45 52.91 44.79
DeepSeek-reasoner (Γ) 84.98 91.23 77.77 53.08 0.26
Deepthink-Reasoning-14B (Γ) 32.87 31.58 54.74 50.20 0.00
Deepthink-Reasoning-7B (Γ) 15.73 13.45 52.70 51.17 0.38
French-Alpaca-Llama3-8B-it-v1.0 (ΓΥ) 23.74 16.37 51.31 50.70 0.03
GLM-4.5 82.99 87.72 77.73 55.49 3.88
GPT-4.1-2025-04-14 86.73 94.15 84.71 62.95 1.22
GPT-4.1-mini-2025-04-14 82.80 92.40 79.38 57.76 34.57
GPT-5.1-2025-11-13 (Γ) 90.09 95.91 73.29 54.28 0.00
GPT-4o-2024-08-06 83.94 93.57 83.03 58.17 0.00
GPT-4o-mini-2024-07-18 73.88 90.64 69.14 51.37 39.86
GPT-5-2025-08-07 (Γ) 87.93 95.32 94.63 91.63 0.00
GPT-5-mini-2025-08-07 (Γ) 77.36 92.40 93.84 91.03 37.62
GPT-oss-120b (Γ) 66.52 76.61 81.10 74.26 4.20
GPT-oss-20b (Γ) 6.65 8.77 51.16 49.56 0.00
Gemini-2.5-flash 87.80 95.91 82.96 61.38 0.00
Gemini-2.5-pro (Γ) 90.68 96.49 92.52 88.42 0.00
Gemma-2-27b-it (Γ) 27.78 15.20 55.14 49.80 1.25
Gemma-2-27b (Γ) 6.15 4.68 48.37 50.27 0.19
Gemma-2-2b-it (Γ) 12.84 5.26 49.77 49.10 0.00
Gemma-2-2b (Γ) 10.64 12.87 50.98 49.16 0.00
Gemma-2-9b-it (Γ) 6.76 8.19 52.85 51.54 0.42
Gemma-2-9b (Γ) 2.18 5.85 49.98 49.90 0.03
Granite-3.2-8b-it 11.33 10.53 50.63 51.31 16.92
Granite-3.3-8b-base 9.82 12.87 49.41 50.23 0.10
Granite-3.3-8b-it 12.67 17.54 50.66 50.33 0.00
Grok-3-fast-latest (Γ) 79.43 92.40 83.64 61.11 0.00
Grok-3-latest (Γ) 79.47 91.23 83.71 60.94 0.00
Grok-3-mini-fast-latest (Γ) 82.54 88.89 86.25 81.83 0.00
Grok-3-mini-latest (Γ) 82.50 90.64 86.32 81.76 0.00
Grok-4-0709 (Γ) 85.84 95.32 95.99 93.74 0.00
Grok-4-fast-non-reasoning (Γ) 84.80 90.64 79.38 53.78 0.00
Grok-4-fast-reasoning (Γ) 83.14 89.47 92.45 87.35 0.00
Kimi-k2-0905 82.82 85.38 78.59 57.97 2.37
Llama-3.2-1B-it (Γ) 15.93 12.28 51.63 50.33 0.03
Llama-3.2-1B (Γ) 9.67 11.11 49.91 49.90 0.00
Llama-3.2-3B-it (Γ) 17.61 24.56 49.70 49.67 0.03
Llama-3.2-3B (Γ) 9.67 12.87 50.48 51.27 0.00
Lucie-7B-it-human-data (Υ) 9.91 10.53 49.87 49.73 0.06
Lucie-7B-it-v1.1 (Υ) 17.35 17.54 48.48 49.73 0.00
Lucie-7B (Υ) 10.12 7.60 49.70 49.73 2.76
Meta-Llama-3.1-8B-it (Γ) 20.14 9.36 50.91 48.96 0.13
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LLM QFrCoRE
Acc. (%)

QFrCoRT
Acc. (%)

Wino-X-LM
Acc. (%)

Wino-X-MT
Acc. (%)

WSD
EM (%)

Meta-Llama-3.1-8B (Γ) 9.78 9.36 49.87 49.33 0.00
Mistral-large-latest (Γ) 84.03 90.64 81.38 55.89 0.00
Mixtral-8x7B-it-v0.1 9.86 11.70 52.81 49.40 8.88
Mixtral-8x7B-v0.1 9.43 11.70 50.73 49.10 2.76
OLMo-2-0325-32B-it 3.95 2.92 50.52 50.47 3.49
OLMo-2-0325-32B 8.29 5.85 49.41 48.49 1.06
OLMo-2-0425-1B-it 12.82 32.16 51.49 50.80 0.00
OLMo-2-0425-1B 9.48 12.87 50.77 49.83 0.00
OLMo-2-1124-13B-it 12.30 12.87 50.02 48.29 0.70
OLMo-2-1124-13B 9.56 13.45 49.16 48.56 0.19
OLMo-2-1124-7B-it 9.26 8.19 51.02 48.09 2.92
OLMo-2-1124-7B 9.76 9.94 51.02 48.29 0.06
Phi-3.5-mini-it 5.42 12.28 50.63 49.83 0.16
Phi-4 18.33 36.84 49.87 50.74 0.00
Pixtral-large-latest 77.25 86.55 80.13 55.56 0.00
QwQ-32B (Γ) 24.45 22.81 53.81 50.37 0.32
Qwen2.5-0.5B-it 10.99 8.19 49.87 49.46 0.00
Qwen2.5-0.5B 9.41 11.11 49.48 50.03 0.00
Qwen2.5-1.5B-it 14.94 18.13 50.45 49.93 0.00
Qwen2.5-1.5B 13.73 16.37 49.70 48.23 0.03
Qwen2.5-14B-it 33.13 29.82 55.57 50.64 0.00
Qwen2.5-14B 34.79 45.61 48.87 47.82 0.13
Qwen2.5-32B-it 39.02 38.60 38.67 47.93 3.43
Qwen2.5-32B 48.50 53.22 54.85 51.41 1.60
Qwen2.5-3B-it 11.74 12.87 50.59 50.80 0.00
Qwen2.5-3B 15.43 19.88 50.66 49.97 0.06
Qwen2.5-7B-it 15.95 15.20 51.66 50.00 0.45
Qwen2.5-7B 13.10 23.39 49.37 50.80 0.13
Qwen3-14B-Base 57.39 50.88 51.81 49.46 0.48
Qwen3-14B 33.48 28.07 57.79 50.54 0.70
Qwen3-235b-a22b-thinking-2507 64.23 70.18 78.27 60.64 11.02
Qwen3-235b-a22b 75.74 79.53 88.72 84.81 11.18
Qwen-max 67.80 70.76 41.39 31.33 35.25
Random 9.93 12.28 49.98 48.96 5.00
Reka-flash-3 (Γ) 10.32 11.70 52.85 50.44 0.00
S1.1-32B (Γ) 47.20 56.14 55.21 49.87 0.00
SmolLM2-1.7B-it 9.76 11.11 51.63 50.17 0.00
SmolLM2-1.7B 9.37 9.94 49.41 50.27 0.00
SmolLM2-135M-it 9.37 9.36 50.98 50.03 0.00
SmolLM2-135M 10.25 9.36 49.59 49.16 0.00
SmolLM2-360M-it 9.41 12.87 48.69 50.44 0.00
SmolLM2-360M 11.37 7.60 50.41 49.97 0.00
o1-2024-12-17 (Γ) 85.41 95.91 91.98 88.69 0.00
o1-mini-2024-09-12 (Γ) 70.49 77.78 85.54 76.61 38.77
o3-2025-04-16 (Γ) 86.01 95.91 92.70 89.46 0.00
o3-mini-2025-01-31 (Γ) 76.97 87.72 87.54 81.12 40.60
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