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Abstract

In this paper, we introduce the Quebec-French
Benchmark of Linguistic Minimal Pairs (QFr-
BLiMP), a corpus designed to evaluate LLMs’
linguistic knowledge of prominent grammati-
cal phenomena in Quebec-French. QFrBLiMP
comprises 1,761 minimal pairs annotated with
20 LPs. Specifically, these minimal pairs have
been created by manually modifying sentences
extracted from an official online resource main-
tained by a Québec government institution.
Each pair is annotated by 12 Quebec-French na-
tive speakers, who select the sentence they con-
sider grammatical from the two. These anno-
tations are used to compare the competency of
LLMs with that of humans. We evaluate differ-
ent LLMs on QFrBLiMP and MultiBLiMP-Fr
by observing the rate of higher probabilities as-
signed to the sentences of each minimal pair for
each category. We find that while grammatical
competence scales with model size, a clear hi-
erarchy of difficulty emerges. All benchmarked
models consistently fail on phenomena requir-
ing deep semantic understanding, revealing a
critical limitation. Finally, our statistical analy-
sis comparing QFrBLiMP and MultiBLiMP re-
veals a significant performance degradation for
most models on Quebec-French; however, the
most capable models remain within the statisti-
cal significance interval, demonstrating cross-
dialectal robustness.

1 Introduction

Recent advancements in large language models
(LLM) have demonstrated strong performance on
a variety of Natural Language Processing (NLP)
tasks, substantially increasing the performance
of most NLP tasks (Zhang et al., 2023; Qin
et al., 2024), such as insurance question-answering
(Beauchemin et al., 2024) and health applications
(Bedi et al., 2025). LLMs were initially intro-
duced for English (Kenton and Toutanova, 2019;

*Contributed equally to this work.

Brown et al., 2020), but many other languages
were later introduced, such as Russian (Kuratov
and Arkhipov, 2019), and French (Martin et al.,
2020). NLP research has approached the compe-
tencies evaluation of various natural language tasks
of LLM with various benchmark corpora such as
the English benchmarks GLUE (Wang et al., 2018),
and BLiMP (Warstadt et al., 2020) to name a few.
These corpora are collections of resources for train-
ing, evaluating, and analyzing LLMs (Gao et al.,
2023; Chang et al., 2023). For example, GLUE
aims to benchmark an NLP system’s capabilities
for natural language understanding (NLU) (Wang
et al., 2018). At the same time, BLiMP focuses on
evaluating the linguistic knowledge of LLMs on
major grammatical phenomena in English.

However, a thorough understanding of how these
models internalize linguistic knowledge is still de-
veloping. To this end, researchers have developed
linguistic benchmarks to assess the linguistic com-
petency (LC) of LLMs. Warstadt et al. (2020) has
introduced the benchmark of linguistic minimal
pairs (LMP), which assesses the competency of
LMs to acceptability contrasts using a pair of sen-
tences where one is properly written and a minimal
element is substituted in the second to induce a spe-
cific type of grammatical error (Chomsky, 2014).
Using this pair, one can evaluate whether an LM
assigns a higher per-token probability to the accept-
able sentence in each minimal pair (MP). This prob-
ability is held to indicate whether the model favors
the grammatical sentence over the ungrammatical
one and to determine which grammatical distinc-
tions it is most sensitive to. Such a benchmark
provides indirect evidence about each model’s lin-
guistic competence and enables fine-grained com-
parisons between them. To benchmark LLM LC,
Warstadt et al. (2020) also introduces human eval-
uation. Namely, humans are presented with a MP
and must select the one they feel is grammatical.
Such human annotation helps compare the perfor-
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mance of LLM competency with that of humans.

Similar non-English benchmarks have been pro-

posed to answer LLM LC in typologically diverse

languages such as Japanese (Someya and Oseki,

2023) and Dutch (Suijkerbuijk et al., 2025). How-

ever, the competence of LLMs has not been tested

in Quebec-French, which is the variety of French
used in the Quebec provincial territory and taught
in schools, prompted by governmental institutions.

To this end, we introduce the Quebec-French
Benchmark of Linguistic Minimal Pairs (QFr-
BLiMP)!, a corpus consisting of 1,761 MPs an-
notated with 20 linguistic phenomena (LP) and hu-
man evaluations. Specifically, those MPs have been
created by modifying sentences manually extracted
from an official online resource maintained by a
Québec government institution. All sentences were
classified by a linguist and annotated by twelve
native French speakers from Quebec at the under-
graduate level. The main contributions of this work
are twofold:

1. The creation and release of QFrBLiMP, a bench-
mark of LMP that leverage human-annotated
sentences rather than synthetic ones;

2. A set of experiments to assess the performance
of LLM on QFrBLiMP as compared to that of
human annotators.

It is outlined as follows: first, we study the avail-
able LMP resources corpora in Section 2. Then,
we propose the QFrBLiMP corpus in Section 3. In
Section 4 and Section 5, we present a set of experi-
ments conducted on LLMs to test their competency
in French. Finally, in Section 6, we conclude and
discuss our future work.

2 Related Work
2.1 LLM Evaluation

The evaluation of language models has historically
been approached through two primary method-
ologies: automated metrics and performance on
benchmark corpora. The first approach uses either
task-agnostic metrics, like perplexity (Jelinek et al.,
1977), which measures how well a model predicts
a given text sample, or task-specific metrics, such
as the BLEU score (Papineni et al., 2002) for as-
sessing machine translation quality.

The second approach relies on large-scale bench-
mark corpora designed for downstream NLU or
Natural Language Generation (NLG) tasks. For
instance, the GLUE benchmark (Wang et al., 2018)

"https://github.com/davebulaval/QFrBLiMP

is used to evaluate a model’s NLU performance
on tasks including semantic similarity, sentiment
analysis, and linguistic acceptability judgments. In
contrast, the GLGE benchmark (Liu et al., 2021)
focuses on NLG tasks like summarization and ques-
tion answering. While informative, these bench-
marks often test for functional linguistic compe-
tence that requires world knowledge and under-
standing and do not always disentangle it from a
model’s formal linguistic competence—its “knowl-
edge of rules and statistical regularities of a lan-
guage” (Mclntosh et al., 2025). Moreover, be-
cause benchmarks like GLUE heavily adapt LLMs
for specific downstream tasks, the evaluation does
not necessarily reflect the knowledge that is inher-
ently present in the pretrained model itself (Reuel-
Lamparth et al., 2024; Mclntosh et al., 2025).

2.2 LLM Linguistic Acceptability Judgments
Evaluation

The evaluation of linguistic knowledge in LLMs
often utilizes targeted syntactic evaluations. Two
approaches are used to perform this evaluation:
binary classification acceptability judgments and
MPs (Warstadt et al., 2020; Chang et al., 2024; Guo
et al., 2025; Goyal and Dan, 2025).

In the first approach, a set of sentences that
are either grammatical or ungrammatical, such
as the two shown in Table 1, are provided to an
LLM which must perform a binary classification
(Warstadt et al., 2019). Eight corpora have been
proposed to assess LLMs’ capabilities to discrim-
inate proper grammar from improper in their re-
spective languages: CoL A for English (Warstadt
et al., 2019), DalLAJ for Swedish (Volodina et al.,
2021), ITACoLA for Italian (Trotta et al., 2021),
RuCoLA for Russian (Mikhailov et al., 2022), Co-
LAC for Chinese (Hu et al., 2023), NoCoLA for
Norwegian (Jentoft and Samuel, 2023), JCoLa for
Japanese (Someya et al., 2023), GalCoLA for Gali-
cian (de Dios-Flores et al., 2023), EsCoLA for
spanish (Bel et al., 2024b), CatCoLA for Catalan
(Bel et al., 2024a), HuCoLA for Hungarian (Ligeti-
Nagy et al., 2024), and QFrCoLA for Quebec-
French (Beauchemin and Khoury, 2025).

The second approach is a method used in gen-
erative linguistics to evaluate human competence.
It involves presenting pairs of sentences that are
minimally different but contrast in grammatical ac-
ceptability (Warstadt et al., 2020). We present an
example of a MP in Table 2. An LLM is considered
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Label Sentence

0 (Ungrammatical) Edoardo returned to his last year city
1 (Grammatical)  This woman has impressed me

Table 1: Example sentences from the ItaCoLLA dataset
(Trotta et al., 2021).
Acceptable Sentence | Not Acceptable Sentence

The cats annoy Tim. ‘ The cats annoys Tim.

Table 2: Example of a MP (Warstadt and Bowman,
2019).

to have acquired a specific grammatical rule if it
assigns a higher probability to the grammatical sen-
tence than its ungrammatical counterpart. Corpora
such as BLiMP in English (Warstadt and Bowman,
2019), CLiMP (Xiang et al., 2021), SLING (Song
et al., 2022) and ZhoBLiMP (Liu et al., 2024) in
Chinese, JBLiMP in Japanese (Someya and Oseki,
2023), BLiMP-NL in Dutch (Suijkerbuijk et al.,
2025), RuBLiMP in Russian (Taktasheva et al.,
2024), BL2MP in Basque (Urbizu et al., 2024),
and MultiBLiMP in 106 languages (Jumelet et al.,
2025) have been proposed to enable the evaluation
of LM on a wide range of LP. However, to date, no
such corpus exists for Quebec-French?.

3 QFrBLiMP: Quebec-French
Benchmark of Linguistic Minimal Pairs

In this work, we introduce the Quebec-French
Benchmark of Linguistic Minimal Pairs (QFr-
BLiMP), which will be the first large-scale MPs
dataset, with human annotations, for the Quebec-
French language.

3.1 Sources

The QFrBLiMP dataset is composed of 1,761
Quebec-French MP sentences extracted from a
prescriptivist source, the “Banque de dépannage
linguistique” (BDL), an official online linguistic
resource created by the Office québécois de la
langue francaise (OQLF), a public organization
of the province of Quebec (Canada). The BDL con-
tains 2,667 articles organized into eleven categories,
such as “spelling” and “syntax”. These articles
explain various LP that the OQLF deems norma-

MultiBLiMP introduces French MPs, taken from a French
resource. French in Quebec differs from France (Fagyal et al.,
2006). For example, the feminization of titles differs between
the two; the feminization of auteur (author) in Quebec is
accepted as autrice or auteure (OQLF, 2024). In contrast, in
France it is only accepted as auteure (Académie francaise,
2024). However, both countries have similar LP, such as
syntax and plurals (Dankova, 2017).

La loi fédérale, tout comme les lois provinciales... (ou : A I'instar des lois provinciales, la loi
fédérale; et non : La loi fédérale, incluant les lois provinciales)
(La loi fédérale n'inclut pas les lois provinciales.)

Figure 1: Snipped of the translated BDL article for
present participles “including” and “excluding”.

tively correct or incorrect, using examples written
by French linguists to illustrate each case based on
linguistic observations. For example, within the
“syntax” category, an article addresses the proper
and improper use of the present participles “in-
cluding” and “excluding”. As shown in Figure 1,
the BDL provides examples of correct sentences
(marked in green) and an erroneous usage (marked
in red) to illustrate normative use. The source
is publicly available online, and we obtained au-
thorization to publish under a CC-BY-NC-SA 4.0

license.

3.2 Data Collection

Sentences in QFrBLiMP were manually collected
from the BDL online resource. Specifically, we
examined all 2,667 of its articles and extracted
25,153 linguistic acceptability judgment sentences.
Each sentence was labelled @ (ungrammatical) or 1
(grammatical) following the BDL green/red colour
scheme as illustrated in Figure 1, and MPs are man-
ually organized following the colour scheme, and
classified into one of 20 LP (Fagyal et al., 2006;
Chesley, 2010; Boivin and Pinsonneault, 2020;
Feldhausen and Buchczyk, 2021). We present
our twenty-category statistics in Table 3, and we
present examples and descriptions in Appendix A.

3.2.1 Human Evaluation Methodology

We collect human judgment of our MPs. Following
the arguments of van der Lee et al. (2019), we
present our human evaluation methodology.

Number of outputs. We randomly selected 1,761
MPs for annotation and 15 for practice?.

Presentation and interface. We used a cus-
tomized version of the Prodigy annotation tool
(Montani and Honnibal, 2018), and we present the
interface in Appendix B (in French). Annotators
use our annotation procedure to annotate each in-
stance randomly.

Annotators. We selected twelve native Quebec-
French-speaking students at the University Laval

3These practice annotations have been used to help an-
notators practice their tasks and adjust our guidelines; these
examples have been discarded from the final dataset.

4276



Linguistic Phenomena # Pairs Linguistic Phenomena # Pairs
1 Accords participes passés (Past participle agreements) 97 11 Accord des adjectifs (Adjective agreement) 100
2 Flexion du verbe (Verb inflection) 95 12-é/-er 100
3 ne ... que (only ... that) 97 13 Sélection lexicale du complément (Lexical selection of the complement) 96
4 Sélection morphologie fonctionnelle (Functional morphology selection) 96 14 Négation de 'infinitif (Infinitive negation) 97
5 Clitique dans la négation de ’infinitif (Clitics in infinitive negation) 99 15 flot sujet (Subject island) 60
6 Montée du clitique (Rising clitics) 97 16 flot ajout (Addition island) 60
7 Négation standard (Standard negation) 114 17 flot qu- (Island qu-) 60
8 Déterminants (Determinants) 106 18 flot SN (SN island) 60
9 Sémantique lexicale (Lexical semantics) 113 19 Dépendance parasitique avec dont (Parasitic dependence with including) 60
10 Accord dans ’expression idiomatique (Agreement in idiomatic expression) 91 20 Préposition orpheline (Orphan preposition) 63
Table 3: QFrBLiMP LP and number of pairs (# Pairs).
as our annotators. A meeting was held with them Lp WAWA L WAWA L WAWA L L WAWA
) p h i ) p i %) (1) %) (1) %) (D %) (1
to introduce the task, instructions, and annotation 1 PP s 1 wmn e m
guide and interface. Instructions included that they 2 %09 7 9130 12 9608 17 8375
B A 3 93.30 8 86.56 13 86.20 18 75.56
must spend at most 5 minutes per sentence pair. 4 9332 9 7869 14 9579 19 7278
5 95.54 10 90.66 15 75.28 20 69.84

Furthermore, the 15 practice instances were an-
notated during a pilot phase to familiarize them
with the task. Finally, during a second meeting
after evaluating the practice instances, annotators
received feedback and advice on what phenomena
they should be cautious about. Recognizing the sig-
nificant contribution of our annotators, they were
remunerated fairly according to the University’s
hourly salary pay scale. Each annotator completed
their work in at most 20 hours. We provide in-
depth details of the evaluation setup in our Human
Evaluation Datasheet (Shimorina and Belz, 2021)
in Appendix C.

Annotation Procedure. The annotators are
prompted with an MP, and they must select one
sentence. The order in which the two sentences
appear, either the grammatical or ungrammatical
one first, is randomized to reduce the risk of an
annotator always selecting the same response.

Final Annotation. To select the final label, we
use a majority vote, and in case of ties, we ran-
domly select one of the two options (2 occur.).

3.3 Annotation Results

We compute the inter-annotator agreement using
the Worker Agreement With Aggregate (WAWA)
coefficient (Ning et al., 2018), which indicates the
average fraction of the annotators’ votes that agree
with the aggregated vote for each pair. We can see
that a significant number of phenomena achieved
high agreement rates, with several exceeding 90%,
peaking at 96.08% for phenomenon LP 12 and
averaging 86.31% (not in the table). These high
scores suggest the annotation guidelines for these
categories are clear and robust. In contrast, a few
phenomena proved more challenging for annota-
tors, as evidenced by significantly lower agreement

Table 4: Per-linguistic phenomena (LP) WAWA inter-
annotator agreement rates (%). T means higher is better.

Language Is Synthetic ~ # Pairs  LP
BLiMP (Warstadt and Bowman, 2019) English Y 67,000 67
CLiMP (Xiang et al., 2021) Chinese Y 16,000 16
SLING (Song et al., 2022) Chinese Y 38,000 38
ZhoBLiMP (Liu et al., 2024) Chinese Y 35,000 118
JBLiMP (Someya and Oseki, 2023) Japanese N 331 39
BLiMP-NL (Suijkerbuijk et al., 2025) Dutch Y 8,400 84
RuBLiMP (Taktasheva et al., 2024) Russian Y 45,000 45
MultiBLiMP (Jumelet et al., 2025) 106 Y 125,000 6
QFrBLiMP (ours) Quebec-French N 1,761 20

Table 5: Comparison of MPs benchmarks.

for phenomenon LP 19 (72.78%) and 20 (69.84%).
This variance indicates that certain phenomena may
be inherently more subjective or require refined def-
initions to improve annotation consistency. Despite
these outliers, the generally high agreement across
the majority of phenomena confirms the reliability
of the resulting dataset.

3.4 Comparison With Other Similar Corpora

We present our corpus statistics in Table 5, along
with other similar MP benchmarks for comparison.
We can see that, while QFrBLiMP is smaller than
synthetic large-scale corpora like BLiIMP or Multi-
BLiMP, it offers a competitive 20 LPs, surpassing
benchmarks like CLiMP (16) and providing signifi-
cantly broader paradigmatic coverage than MultiB-
LiMP (6). Moreover, all pairs are drawn from an of-
ficial Quebec-French grammar source, rather than
a synthetic processing pipeline; ours was created
from human annotation, ensuring a higher-quality
corpus. This grammar-driven approach ensures that
the dataset precisely tests attested LP specific to
this variety. This provides a focused, rich dataset
for evaluating models’ grammatical understanding
in Quebec-French.
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4 Experiments

We benchmark 77 open-source LLMs on QFr-
BLiMP and the Metropolitan French part of Multi-
BLiMP for comparison (255 instances). We also
benchmark these models against two baselines. As
our first baseline, Random, we randomly selected
one of the two sentences, while our second, human,
is the majority of our annotators’ answers.

4.1 Evaluation Metrics

Following Warstadt et al. (2020), performance is
measured using the accuracy score.

4.2 Method

Following Warstadt et al. (2020); Taktasheva et al.
(2024), the sentences in an MP are ranked based
on their perplexity (PPL). The PPL of a sentence s
is inferred as Equation 1, where |s| is the sentence
length in tokens, x; are individual words, and ©
denotes the LLM’s parameters. We use the official
source code from BLiMP HuggingFace Metrics
repository to compute the probability.

sl

1
PPL(s) = exp o > log (Po (wilz<:))
=0

(D
4.3 Selected Large Language Models

To ensure a thorough and representative analysis

of the current open-source LLM landscape, we

selected 77 based on several criteria. Our selection

aims to cover three aspects of LLM specifications:

1. Variety in Size: The selected models span a
large range of parameter counts, from smaller
models under 3 billion parameters to the largest
open-source model we can fit on our hardware*
(details in Table 10).

2. Variety in Capability: We intentionally in-
cluded models marketed as having advanced
“reasoning” (I') capabilities to assess if this spe-
cialization translates to better performance on
our knowledge-intensive task.

3. Instruction-Tuning: We included models that
have been instruction-tuned (it) to compare
against their base model counterpart.

4. Model Specialization: We included models
with a declared specialization in French (Y), to
test whether this focus provides an advantage.

“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 72B parameters.

We present our selected model, model source,
and size in Appendix D. Since we use perplexity
to compute the selected sentence, we cannot bench-
mark private LLMs since we do not have access to
the decoder probabilities.

5 Results and Discussion

In this section, we present the comprehensive re-
sults of benchmarking our 77 selected LLMs for
our experiments. Our findings are presented in
two tables and two summary figure, which col-
lectively provide a multifaceted analysis of model
performance. Table 6 presents the best results raw
per-phenomenon accuracy for each model against
our Random and Human baselines, offering a direct
measure of grammatical competence. We also
present the complete results in Appendix E. To
provide a clearer perspective on these results, Ta-
ble 7 reframes this performance as a differential
against the Human baseline, immediately revealing
which phenomena are mastered and which remain
challenging relative to human judgment. We also
present the complete results in Appendix E. Com-
plementing this granular, per-phenomenon analy-
sis, Figure 2 illustrates the overarching trend by
plotting model accuracy as a function of scale, vi-
sualizing the strong positive correlation between
LLM size and grammatical competency, while Fig-
ure 3 plots the performance on QFrBLiMP against
MultiBLiMP for each model, revealing not only
a strong correlation but also consistently higher
scores on our benchmark. Finally, to further ana-
lyze the performance of Quebec-French and French
Metropolitan, we compare each LLM’s result over
QFrBLiMP against its result on MultiBLiMP us-
ing a Z-test for statistical significance (Lawley,
1938). Our null hypothesis is that the pair of accu-
racies are equal, meaning that Z-test values outside
|3.290527| allow us to reject the hypothesis with
a = 0.001 (i.e. not a significant difference between
the two benchmarks). A positive value indicates
that French Metropolitan performs significantly bet-
ter than Quebec French, and a negative value means
the opposite. We present in Figure 4 a visual repre-
sentation of the test results of each model tested on
the MultiBLiMP (x-axis) and QFrBLiMP (y-axis)
benchmarks. To simplify the analysis, we sepa-
rated the models into three groups based on their
performance. In Figure 4, models in red have a per-
formance that is lower than our random-selection
baseline (marked by the black dashed lines) on at
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Figure 2: Comparison between Model size and QFr-
BLiMP accuracy. The blue solid line represents a log-
transformed linear data fit, while the green and red

dashed represents the human and random baselines.
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Figure 3: Comparison of LM performance on the Multi-
BLiMP and QFrBLiMP benchmarks. The blue solid
line represents performance parity (y = x).

least one of the two benchmarks.

5.1 Scaling Laws and the Path to Human
Performance

The primary finding of our study is illustrated in
Figure 2. There is a clear and strong positive corre-
lation between model size and grammatical accu-
racy, confirming that linguistic competence on the
QFrBLiMP benchmark is an emergent capability
that scales with the logarithm of the model size.
The log-transformed linear fit (blue solid) demon-
strates this trend, charting a path from the Random
baseline towards the Human performance ceiling
(green dashed).

The plot also reveals two important nuances.
First, there is significant performance variance
among smaller models, i.e. with fewer than 10°
parameters, where architectural choices and train-

100

QFrBLiMP Accuracy (%)

30
20 -

| e

0 " H | |
0 10 20 30 40 50 60 70 8 90 100
MultiBlimp Accuracy (%)

Figure 4: Accuracy comparison between QFrBLiMP
and MultiBLiMP. The black dash-dotted line represents
equal performance. The gray dotted lines represent
the statistical significance interval using a Z-test (o =
0.001). Black dashed lines are our Random baseline
scores. Red, green, and blue correspond to the model
performances from Table 11.

ing data quality appear to play a larger role. Sec-
ond, as models approach the 10! parameter scale,
their performance converges more tightly, cluster-
ing in the 85-90% accuracy range. It suggests that
while scaling is effective, there may be diminish-
ing returns for simply increasing parameter count,
with the largest models approaching a performance
plateau just below the human baseline.

5.2 A Hierarchy of Grammatical Competence

The per-phenomenon results in Table 6 break down
the aggregate scores of all benchmarked LLMs,
revealing a distinct hierarchy of difficulty.

5.2.1

The core rules of French syntax and morphology
are well handled. Phenomena like the “-é/-er” dis-
tinction (12), “clitic placement” (5), and “verb flex-
ion” (2) see numerous top-tier models achieving
near-perfect scores (95-100%). This indicates these
frequent and regular patterns are robustly learned.

For instance, in Table 6, numerous models
including Bloom-1b7 and Lucie-7b T score
100.00% on phenomenon 12. It not only demon-
strates a comprehensive grasp of the rule but also
surpasses the human baseline of 93.00% by a signif-
icant margin, as shown in Table 7. It suggests that
for highly regular, frequent, and formally unam-

Mastered Phenomena
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LLM 1

15 18

Bloom-1b7 88.66 97.89 97.94 9271 9697 9485 9123 8585 69.03 9341 91.00 100.00 8021 9794 86.67 96.67 80.00 81.67 8333 2857
Bloom-560m 89.69 90.53 9897 9271 9596 91.75 88.60 8585 6195 9121 90.00 97.00 8438 9794 81.67 90.00 76.67 76.67 80.00 20.63
CamemBERT-1large (1) 4845 3895 4227 6250 3030 4948 8246 55.66 40.71 5275 6500 5200 3542 2268 9333 100.00 90.00 9500 65.00 0.00
Chocolatine-2-14b-it (Y) 91.75 (9895 9588 97.92 9697 9691 9561 88.68 71.68 9231 90.00 98.00 8438 89.69 8333 9500 81.67 81.67 7333 4286
Gemma-2-9b (I") 88.66 9579 9485 9583 9798 9278 9474 89.62 6726 9341 90.00 98.00 8125 8144 9833 100.00 9500 91.67 81.67 30.16
Lucie-7b () 89.69 9895 9588 96.88 98.99 9485 9649 9245 6637 9670 9400 100.00 8333 89.69 90.00 9833 9333 9500 75.00 39.68
Meta-Llama-3.1-70b-it (I) 91.75 9474 9381 9583 9697 9588 8947 88.68 70.80 9121 9500 93.00 8333 90.72 9500 100.00 8833 91.67 7333 41.27
Meta-Llama-3.1-70b (T') 91.75 96.84 9485 9375 9798 9485 9474 9434 7522 9341 92.00 96.00 8229 86.60 96.67 100.00 86.67 86.67 6833 4921
Qwen2.5-14b 9381 97.89 9897 96.88 9596 9588 9561 90.57 69.91 9451 89.00 97.00 8438 90.72 86.67 9500 8500 86.67 7833 3333
Qwen2.5-72b 93.81 9895 9485 97.92 9899 9588 9649 89.62 64.60 9560 9400 99.00 8333 89.69 90.00 9833 91.67 90.00 7833 60.32
Qwen2.5-7b 9485 97.89 9485 9792 9899 9691 9561 8585 69.03 9231 93.00 98.00 8229 90.72 9333 9667 91.67 8500 81.67 42.86
Random 51.55 4947 4227 53.12 4545 37.11 5439 5377 53.10 4725 5400 5500 50.00 4948 41.67 5167 40.00 5333 4333 55.56
Human 9072  90.53 9485 90.62 9192 9278 9298 89.62 8142 86.81 9400 93.00 8021 9897 7500 90.00 9500 7333 76.67 84.13

Table 6: Subset of the average accuracy scores (%) (higher is better), by phenomenon, of the LL.Ms and our two
baselines. “Y” are model that have a specialization in French, while “I'"” are reasoning one.

LLM 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20

Bloom-1b7 -2.06 7.36 3.09 2.09 5.05 2.07 -1.75 =377 -12.39 6.60 -3.00 7.00 0.00 -1.03  11.67 6.67 -1500 8.34 6.66  -55.56
Bloom-560m -1.03 0.00 4.12 2.09 4.04 -1.03 -4.38 -3.77 -19.47 4.40 -4.00 4.00 4.17 -1.03 6.67 0.00 -18.33 3.34 Bs] -63.50
CamemBERT-1arge (1) -42.27 5158 -52.58 -28.12 -61.62 -4330 -10.52 -33.96 -40.71 -34.06 -29.00 -41.00 -4479 [-7629 1833 10.00 -5.00 21.67 -11.67 |-84.13
Chocolatine-2-14b-it (Y)  1.03 8.42 1.03 7.30 5.05 4.13 2.63 -0.94 -9.74 5.50 -4.00 5.00 4.17 -9.28 833 500 -13.33 834 -334 4127
Gemma-2-9b (I") -2.06 5.26 0.00 52 6.06 0.00 1.76 0.00 -14.16 6.60 -4.00 5.00 1.04 -17.53 2333 10.00 0.00 18.34 5.00 -53.97
Lucie-7b (1) -1.03 8.42 1.03 6.26 7.07 2.07 351 2.83 -15.05 9.89 0.00 7.00 3.12 -9.28 1500 833 -1.67  21.67  -1.67  -4445
Meta-Llama-3.1-70b-it (I)  1.03 4.21 -1.04 521 5.05 3.10 -3.51 -0.94  -10.62 4.40 1.00 0.00 3.12 -825 20,00 1000 -6.67 1834 -334  -42.86
Meta-Llama-3.1-7@b (I') 1.03 6.31 0.00 LI 6.06 2.07 1.76 4.72 -6.20 6.60 -2.00 3.00 2.08 -12.37  21.67 10.00 -8.33 13.34 -8.34 -34.92
Qwen2.5-14b 3.09 7.36 4.12 6.26 4.04 3.10 2.63 0.95 -11.51 7.70 -5.00 4.00 4.17 -825 11.67 500 -10.00 13.34 1.66  -50.80
Qwen2.5-72b 3.09 8.42 0.00 7.30 7.07 3.10 351 0.00 -16.82 8.79 0.00 6.00 3.12 -9.28 1500 833 -333  16.67 1.66  -23.81
Qwen2.5-7b 4.13 7.36 0.00 7.30 7.07 4.13 2.63 -3.77 -12.39 5.50 -1.00 5.00 2.08 -8.25 18.33 6.67 -3.33 11.67 5.00 -41.27

Table 7: Subset of the average accuracy scores (%) (higher is better) differential, per phenomenon, of the LLMs
against our human baseline. “Y” are model that have a specialization in French, while “I"” are reasoning one.

biguous grammatical tasks, LLMs’ ability to learn
and apply patterns exceeds the average consistency
of human annotators. This pattern of performance
suggests that these grammatical structures are well-
represented in the pre-training data and have been
effectively internalized by LL.Ms.

5.2.2 Challenging Phenomena

A second tier of phenomena emerges in Ta-
ble 6, presenting a more substantial challenge.
This category includes phenomena requiring long-
distance dependency tracking and knowledge of
complex syntactic configurations. While the best-
performing LMs demonstrate a strong grasp of
these rules, performances are more varied and
rarely perfect, indicating an incomplete mastery.
For instance, on “past participle agreement” (1),
even a top-tier model like Qwen2.5-7b achieves
a high but imperfect score of 94.85%. It con-
trasts with the performance on mastered phenom-
ena, where scores are frequently at or near 100%.
The challenge here likely stems from the complex-
ity of the underlying rules; indeed, “past participle
agreement” in French is governed by a non-trivial
set of conditions involving the auxiliary verb and
the position of the direct object. Similarly, “syntac-
tic islands” represent abstract constraints on sen-
tence structure that are more complex than simple
morphological agreement. The models’ strong, yet
imperfect, performance suggests they have learnt
these complex regularities but struggle with the
edge cases and intricacies that define full compe-
tence.

5.2.3 Unsolved Phenomena

At the top of the difficulty hierarchy lie two phe-
nomena that prove fundamentally challenging for
every model tested, regardless of scale, architec-
ture, or specialization: “lexical semantics” (9) and
“orphaned prepositions” (20). The LLMs’ failure
on these tasks is not merely a matter of degree
but appears to represent a hard ceiling for current
architectures and evaluation methods.

This difficulty is so profound that it seems to
defy the scaling laws observed elsewhere. As
shown in Figure 2, increasing model size generally
yields better performance, yet even the 72-billion
parameter (i.e. Qwen2.5-72b) scores a dismal
60.32% on “orphaned prepositions” (2@), barely
outperforming the random baseline of 55.56%. The
gap to human performance is staggering; Table 7
reveals that the best models lag the human baseline
by more than 20% on this task.

The source of this failure likely lies in the tasks
themselves; indeed, “lexical semantics” (9) re-
quires real-world knowledge and an understand-
ing of nuanced word meanings that cannot be re-
solved by syntactic plausibility alone. Similarly,
“orphaned prepositions” (20) test a subtle and ab-
stract syntactic rule that is rare in most training
corpora. The universal struggle with these phe-
nomena highlights a critical limitation of current
models: their difficulty in moving beyond surface-
level statistical patterns to grasp deeper semantic
and complex syntactic constraints.
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5.3 The Impact of Specialization and
Instruction-Tuning

Our findings suggest that, once scale are accounted
for, further specialization in French (), a focus
on reasoning (I'), or instruction tuning (it) does
not confer a decisive advantage on this benchmark.
These factors appear secondary to the model’s foun-
dational properties.

While French-specialized models are highly
competitive, they do not establish a distinct,
superior tier of performance. For example, the spe-
cialized 14B parameter Chocolatine-2-14b-it
performs on par with the general-domain
Qwen2.5-14b, with neither consistently outper-
forming the other across all phenomena. This
suggests that the breadth and quality of data in
large, general-purpose training runs are sufficient
to achieve competitive performance, even in
addressing language-specific nuances.

More strikingly, the effect of instruction-tuning
(it) appears to be a double-edged sword. While
it can sometimes lead to minor improvements,
it can also be detrimental to formal grammati-
cal knowledge. This is best exemplified by the
Llama-3.1-7@0b model pair on “Négation stan-
dard” (7). The base model achieves a 96.49%
accuracy, whereas its instruction-tuned variant,
Llama-3.1-7@b-it, drops to 85.09%; a decrease
of over 11 percentage points. This may suggest that
the process of aligning models for conversational
abilities can interfere with or overwrite their knowl-
edge of formal grammatical rules, a phenomenon
akin to catastrophic forgetting. Or it might be due
to a language mismatch between the instruction
tuning (in English) and our task (in French). Future
research could further investigate this issue.

5.4 Closing the Gap with Human Judgment

Analyzing the performance differential against the
Human baseline in Table 7 reveals a divergence
between the grammatical competence of LLMs and
that of humans.

On the one hand, models exhibit a strong, con-
sistent mastery of tasks involving abstract for-
mal rules. This is most evident with syntactic is-
land constraints, particularly “subject islands” (15)
and “adjunct islands” (16), as well as frequent,
pattern-based rules like the ““-é/-er”” distinction (12).
On these tasks, many top-tier models, such as
Gemma-2-9b, outperform the human baseline by
20% or more. It suggests that once models inter-

nalize a statistical or abstract rule from vast data,
they can apply it with a logical precision that sur-
passes the human baseline, who may be influenced
by semantic plausibility or other heuristics.

On the other hand, for phenomena that depend
on deep semantic or pragmatic understanding, the
gap is inverse. The most challenging tasks for mod-
els, and the ones where they lag furthest behind
human performance, are “lexical semantics” (9)
and “orphaned prepositions” (20). Even the largest
models exhibit differentials of around -10% for lex-
ical semantics, whereas for orphaned prepositions,
the deficit ranges from -20% to -30%. It indicates
that while models excel at formal rule application,
they still lack the rich, context-aware reasoning that
humans use to resolve semantic ambiguities and
complex syntactic structures. This dramatic failure
highlights a reliance on surface-level statistical reg-
ularities rather than on the abstract, context-aware
reasoning that humans employ to handle seman-
tic ambiguities and complex syntactic structures.
While LLMs are powerful at internalizing frequent
co-occurrence patterns, they struggle to acquire the
more profound grammatical knowledge needed for
complex cases. This distinction marks a critical
frontier in bridging the gap between artificial and
human LC.

5.5 QFrBLiMP Versus MultiBLiMP

An analysis of Figure 3 reveals two primary in-
sights into the relationship between our QFrBLiMP
benchmark and MultiBLiMP. First, the strong pos-
itive correlation between the scores confirms that
both benchmarks measure related aspects of gram-
matical competence, validating the relevance of
QFrBLiMP. More critically, however, the plot
shows a systematic downward shift in performance,
with nearly all models scoring lower on QFrBLiMP
than on MultiBLiMP, as evidenced by the cluster
of points below the parity line (y = x). We hy-
pothesize that this indicates QFrBLiMP is a more
challenging benchmark. By carefully controlling
for lexical artifacts and ensuring each MP isolates a
single linguistic phenomenon, QFrBLiMP likely re-
duces the availability of superficial statistical cues
that models might exploit in MultiBLiMP. Further-
more, the significantly larger size of our dataset
(1,761 versus 255) implies a broader coverage of
linguistic phenomena, potentially exposing more
syntactic weaknesses in the models.

Moreover, the statistical analysis presented in
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Figure 4 provides deeper insight into this per-
formance gap. The gray dotted lines delineate
the significance interval derived from the Z-test
(oo = 0.001); points falling within this band repre-
sent models for which the performance difference
between the two dialects is not statistically distin-
guishable. Notably, the models colored in blue fall
well below this interval, confirming a statistically
significant performance degradation on QFrBLiMP
compared to MultiBLiMP. It indicates that, for this
group, lower scores on Quebec French are not due
to random chance but reflect a genuine lack of ro-
bustness in handling dialectal variation. In con-
trast, the models in green, which are clustered in
the upper-right quadrant of high accuracy, largely
remain within or near the significance band. It sug-
gests that the most capable models demonstrate
better cross-dialectal generalization, maintaining
comparable grammatical competence across both
Metropolitan and Quebec French varieties.

6 Conclusion and Future Works

In this paper, we introduce QFrBLiMP, the first
LMP benchmark specifically designed for Quebec
French. It includes 1,761 MPs across 20 distinct
grammatical phenomena from the BDL, an offi-
cial, human-made normative linguistic resource. It
also includes grammatical judgments from twelve
human annotators. This resource is a novel and
valuable tool for evaluating LLMs’ competency in
Quebec-French grammar. Our grammar-driven ap-
proach ensures that the benchmark tests for knowl-
edge of attested linguistic rules specific to this vari-
ety of French.

Moreover, we benchmarked 77 open-source
LLMs. Our experimentation yielded several key
insights into the nature of grammatical competence
in these models. We confirmed a strong positive
correlation between model scale and overall ac-
curacy, though with apparent diminishing returns.
Crucially, our analysis revealed a clear hierarchy
of difficulty: while models have mastered frequent,
regular syntactic and morphological rules, they are
challenged by more complex configurations, such
as long-distance dependencies, and consistently
fail on phenomena requiring deep semantic under-
standing, including lexical semantics and orphaned
prepositions. Furthermore, we demonstrated the
paramount importance of modern architectures. We
showed that language specialization or instruction-
tuning does not guarantee superior performance on

formal grammar, and that the latter can sometimes
be detrimental.

Finally, our comparative analysis with MultiB-
LiMP highlights a general shift in difficulty in QFr-
BLiMP. Statistical testing confirms that while many
models suffer a significant performance degra-
dation when processing the Quebec dialect, the
most advanced models demonstrate robust cross-
dialectal generalization, falling within the statisti-
cal equivalence zone for both varieties.

Our future work could address the lack of effect
of language specialization by developing a train-
ing corpus to optimize LLM on Quebec-French.
Moreover, we plan to investigate alternative evalua-
tion methods, such as targeted probing or semantic
similarity scores, for phenomena that yield low ac-
curacies. Finally, we plan to investigate the mecha-
nisms causing the degradation of formal grammat-
ical knowledge during instruction-tuning, a phe-
nomenon observed in our results. We then aim to
develop novel alignment techniques that can en-
hance conversational abilities without sacrificing
the model’s foundational LC.

Limitations

The methodology of QFrBLiMP involves manually
extracting sentence pairs from the BDL, an offi-
cial grammatical resource from the OQLF. While
this ensures high-quality, linguistically vetted ex-
amples, it also introduces a potential distributional
shift between the evaluation data and the vast, de-
scriptive corpora typically used to pre-train LL.Ms.
As the creators of RuBLiMP (Taktasheva et al.,
2024) note, domain shifts can introduce bias, and
the language in QFrBLiMP may not be represen-
tative of naturally occurring text. The BDL’s pur-
pose is pedagogical: to provide clear, often formal,
examples that unambiguously illustrate a specific
grammatical rule. This didactic style may differ
significantly from the more varied and informal
language found in web-scale pre-training datasets.

A significant consideration for the QFrBLiMP
benchmark is the potential for data leakage, given
that its sole source, the BDL, is a public online
resource. Since LLMs are trained on extensive
web data, there is a risk that sentences from the
BDL were included in the models’ pre-training
corpora. This issue of “test data contamination”
(Jacovi et al., 2023) can compromise the validity of
the benchmark, as a model might achieve high ac-
curacy by recalling sentences from its training data
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rather than by demonstrating genuine grammatical
understanding.

A limitation of the QFrBLiMP benchmark is the
inclusion of “Anglicism” as a core evaluation cat-
egory, which differs from the formal grammatical
phenomena typically found in such benchmarks
(Warstadt et al., 2020; Someya and Oseki, 2023;
Suijkerbuijk et al., 2025; Taktasheva et al., 2024;
Jumelet et al., 2025). The acceptability of “Angli-
cisms” often pertains to prescriptive stylistics and
lexical choice rather than fundamental grammati-
cal correctness. This prescriptive tendency is not
a recent development but is deeply rooted in the
history of the French language. Since the 17th cen-
tury, institutions like the Académie francaise have
worked to standardize the language, often by ex-
cluding regional or popular vocabulary in favour of
a more formal, courtly standard, meaning French
has not evolved as freely or naturally as other lan-
guages (Walter, 2016). Unlike violations of syntax
(e.g. subject-verb agreement) or morphology, the
preference for a native French term over an English
loanword can be subjective and dependent on reg-
ister, context, and evolving language norms. This
situation is due to Quebec’s historical language and
identity fight of the Quebec nation (Dickinson and
Young, 2008).

Ethical Considerations

Another ethical consideration is the potential for
inherent biases within the source data. QFrBLiMP
sentences are derived from the BDL, a normative
and official linguistic resource for Quebec-French.
While this ensures grammatical correctness accord-
ing to a specific standard, it may also embed institu-
tional or prescriptive biases. Moreover, the OQLF
may be considered a political institution, given that
Quebec is the only French-speaking nation in North
America; thus, some MPs might not be accepted
elsewhere as valid French (Hambye, 2014).

As with any tool for evaluating and improving
LLM, the potential for misuse must be considered.
Indeed, improving text generation quality through
such benchmarks could lead to the misuse of LLMs
for harmful purposes, such as disinformation, harm-
ful text generation, and online harassment (Vessey,
2016; McDougall, 2019; Weidinger et al., 2021;
Bender et al., 2021). While the intended use of
QFrBLiMP is for research and development, the
creators of such resources bear a responsibility to
acknowledge that improvements spurred by their

work could be used in both research and develop-
ment.
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A Linguistic Phenomena Examples

We present in Table 8 an example, its error, and
translations for each linguistic phenomenon. We
also present in Table 9 the translated description of
our LP.

B Annotation Interface

The Figure 5 presents the evaluation interface used
by our annotators (in French). It is a custom adap-
tation of the Prodigy annotation tool (Montani and
Honnibal, 2018).
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LpP Example LP Example
Apres tous ces efforts, elles se sont senties trés fatiguées. A cette époque, ¢’était considéré comme des meeurs dissolues.
T Apres tous ces efforts, elles se sont senti tres fatiguées. 1 A cette époque, ¢’était considéré comme des meeurs dissolue.
After all that effort, they felt very tired. In those days, it was considered dissolute.
After all that effort, they felt very tired. In those days, it was considered dissolute.
Ainsi soit-il. A quelle heure avez-vous mangé?
2 Ainsi soient-il. 12 A quelle heure avez-vous manger?
So beit. ‘What time did you eat?
So be it. ‘What time did you eat?
A I'avenir, nous ne soulignerons que I'anniversaire des membres du personnel
qui le souhaitent.
A Uavenir; nous ne soulignerons I'anniversaire des membres que du person- « Merci de m’avoir aidé a déménager. — De rien! »
3 nel qui le souhaitent. 13 « Merci pour m’avoir aidé a déménager. — De rien! »
In future, we will only celebrate the birthdays of staff members who wish to “Thank you for helping me move. - You’re welcome!”
do so. “Thank you for helping me move. - You’re welcome”
In future, we will only celebrate the birthdays of staff members who wish to
do so.
Autant en finir maintenant que de remettre cela a plus tard. Cette regrettable situation devait ne pas arriver.
Autant en finir maintenant que remettre cela a plus tard. Cette regrettable situation devait n’arriver pas.
4 It’s better to get it over with now than to put it off. T4 This unfortunate situation was never meant to happen.
It’s better to get it over with now than to put it off. This unfortunate situation was meant never to happen.
Bien qu’en proie a une forme d’insécurité linguistique, certains locuteurs
s’efforcent de ne pas le laisser paraitre.
Bien qu’en proie a une forme d’insécurité linguistique, certains locuteurs La mélodie que I'oreille qui la regoit apprécie touche I’ame.
s’efforcent de ne le pas laisser paraitre. La mélodie que I'oreille qui re¢oit apprécie touche I’ame.
5 Although plagued by a form of linguistic insecurity, some speakers try not to i The melody appreciated by the ear touches the soul.
let it show. The melody that the receiving ear appreciates touches the soul.
Although plagued by a form of linguistic insecurity, some speakers try
not to let it show.
Ces documents, je ne veux certainement plus les voir. Martin a mangé le gateau qui cuisait pendant que Noella le tournait.
6 Ces documents, je ne les veux certainement plus voir. 16 Martin a mangé le gateau qui cuisait pendant que Noella tournait.
I certainly don’t want to see these documents again. Martin ate the baking cake while Noella turned it.
I certainly don’t want to see these documents again. Martin ate the baking cake while Noella was_turned.
« Mais madame, vous m’aviez dit que je ne pouvais pas compter sur vous! » Précisez-nous ce que ignorez si vous le voulez.
« Mais madame, vous m’aviez dit que je pouvais pas compter sur vous! » Précisez-nous ce que ignorez si vous voulez.
7 L PO P 17 s 51 VOuS YOUCeL
“But Madame, you told me I couldn’t count on you! Tell us what you don’t know if you like.
“But Madame, you told me I couldn’t count on you” Tell us what you don’t know if you the like.
A Uépoque, le mouvement surréaliste que le refus que la convention n’étouffe
A compter de I'année prochaine, de ux regl x devront nourissait en était a ses balbutiements.
étre respectés. A Iépoque, le mouvement surréaliste que le refus que la convention
8 A compter de I’année prochaine, des nouveaux réglements municipaux de- 18 ne I’étouffe nourissait en était a ses balbutiements.
vront étre respectés. At the time, the Surrealist movement, fueled by a refusal to be stifled by
Starting next year, new municipal by-laws will have to be respected. convention, was in its infancy.
Starting next year, new municipal by-laws will have to be respected. At the time, the Surrealist movement, nurtured by the refusal of convention
to stifle it, was in its infancy.
Ce point, dont les inconvénients nuisent a la mise en valeur de ses avantages,
sera discuté lors de la prochaine réunion.
Ancien toxicomane, il a cessé toute consommation de stupéfiants. Ce point, dont les inconvénients nuisent a la mise en valeur des avantages,
9 Ancien addict, il a cessé toute consommation de stupéfiants. 19 sera discuté lors de la prochaine réunion.
A former drug addict, he no longer uses drugs. This point, whose disadvantages detract from its advantages, will be discussed
A former addict, he no longer uses drugs. at the next meeting.
This point, whose disadvantages detract from the advantages, will be dis-
cussed at the next meeting.
A chacun son di. La poutre que Michel s’est cogné la téte contre semble trés dure.
10 A chacun leur dil. 20 La poutre que Michel s’est cogné la téte contre elle semble trés dure.
To each his own. The beam Michel hit his head on seems very hard.
To each his own. The beam Michel hit his head on she seems very hard.
Table 8: Example of pair, per linguistic phenomena (“LP”) with the error underlined.
LP Description LP Description
1 The agreement in gender and number of the past participle based on the 1 The agreement of an adjective in gender and number with the noun it modifies.
auxiliary verb used and the position of the direct object.
2 The agreement of the verb in number and person with its subject, particularly 12 The correct use of the past participle ending (e.g. -€) versus the infinitive
in the subjunctive mood. ending (e.g. -er), especially in compound tenses.
3 The correct placement of the restrictive expression ne... que, which must 13 The correct selection of the preposition (e.g. de or pour) that is required by a
frame the element being restricted. specific verb or expression to introduce its complement.
4 The required use of a preposition, such as de, to correctly link parts of a 14 The rule for negating an infinitive, where the negative particles (ne pas) must
correlative construction, especially before an infinitive. be placed together directly before the infinitive verb.
5 The correct placement of a clitic pronoun in relation to negative particles 15 A syntactic constraint (Subject Island) that forbids extracting an element from
when modifying an infinitive verb. a relative clause that modifies the subject of a sentence.
6 A rule where a clitic pronoun that is the object of an infinitive moves to a 16 A syntactic constraint (Adjunct Island) that forbids extracting an element
position before the main, governing verb. from an adverbial or adjunct clause.
7 The formal requirement of using the two-part negation (e.g. ne... pas), where 17 A syntactic constraint (Wh-Island) that forbids extracting an element from an
omitting the ne is considered non-standard. embedded interrogative clause.
8 The rule where the plural indefinite determiner des changes to de when placed 18 A syntactic constraint (complex noun phrase island) that forbids extracting
before an adjective that precedes the noun. an element from a relative clause that modifies a noun.
9 The use of a standard French term as prescribed by normative lexical standards 19 The correct use of the relative pronoun dont to replace a complement of a
over an anglicism or other non-standard term. noun introduced by the preposition de.
10 The rules of agreement for pronouns and possessives within fixed or idiomatic 20 The rule against preposition stranding, requiring a preposition to be followed

expressions.

by its object, sometimes using a resumptive pronoun.

Table 9: Translated linguistic phenomena (“LP”).

4288



prodigy e

Select the sentence you think is well written from the two available sentences.
PROJECT INFORMATION

DATASET frblimp_annotations
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She s not in conflict with her mother-in-law's son, she wrote to him to invite him to her wedding. She is not in conflict with her mother-in-law's son, she wrote to him to invite him to her wedding.
TARGETED PROGRESS

THIS SESSION
TOTAL
() Sentence number 1

() Sentence number 2

HISTORICAL

©2017-2025 Explosion (Prodigyv1.15.2)

Figure 5: The Prodigy annotation interface (in French) used by the annotators to evaluate the MPs.
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C Human Evaluation Datasheet

C.1 Paper and Supplementary Resources
(Questions 1.1-1.3)

Question 1.1: Link to paper reporting the
evaluation experiment. If the paper reports
more than one experiment, state which ex-
periment you’re completing this sheet for.
Or, if applicable, enter ‘for preregistration.’

For preregistration.

Question 1.2: Link to website providing re-
sources used in the evaluation experiment
(e.g. system outputs, evaluation tools, etc.).
If there isn’t one, enter ‘N/A’.

N/A.

Question 1.3: Name, affiliation and email
address of person completing this sheet, and
of contact author if different.

Retracted for double-anonymized anonymity.

C.2 System (Questions 2.1-2.5)

Question 2.1: What type of input do the eval-
uated system(s) take? Select all that apply.
If none match, select ‘Other’ and describe.

Check-box options (select all that apply):

v’ raw/structured data: numerical, symbolic, and
other data, possibly structured into trees, graphs,
graphical models, etc. May be the input e.g. to
Referring Expression Generation (REG), end-
to-end text generation, etc. NB: excludes lin-
guistic structures.

O deep linguistic representation (DLR): any of a
variety of deep, underspecified, semantic repre-
sentations, such as abstract meaning represen-
tations (AMRs; Banarescu et al., 2013) or dis-
course representation structures (DRSs; Kamp
and Reyle, 2013).

O shallow linguistic representation (SLR): any of
a variety of shallow, syntactic representations,
e.g. Universal Dependency (UD) structures; typ-
ically the input to surface realisation.

O text: subsentential unit of text: a unit of text
shorter than a sentence, e.g. Referring Expres-
sions (REs), verb phrase, text fragment of any
length; includes titles/headlines.

v’ text: sentence: a single sentence (or set of sen-
tences).

O text: multiple sentences: a sequence of multiple
sentences, without any document structure (or a
set of such sequences).

O text: document: a text with document structure,
such as a title, paragraph breaks or sections, e.g.
a set of news reports for summarisation.

O text: dialogue: a dialogue of any length, exclud-
ing a single turn which would come under one
of the other text types.

O text: other: input is text but doesn’t match any
of the above fext: * categories.

O speech: a recording of speech.
O visual: an image or video.

O multi-modal: catch-all value for any combi-
nation of data and/or linguistic representation
and/or visual data etc.

O control feature: a feature or parameter specifi-
cally present to control a property of the output
text, e.g. positive stance, formality, author style.
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O no input (human generation): human genera-
tion>, therefore no system inputs.

O other (please specify): if input is none of the
above, choose this option and describe it.

Question 2.2: What type of output do the
evaluated system(s) generate? Select all that
apply. If none match, select ‘Other’ and
describe.

Check-box options (select all that apply):

v’ raw/structured data: numerical, symbolic, and

other data, possibly structured into trees, graphs,
graphical models, etc. May be the input e.g. to
Referring Expression Generation (REG), end-
to-end text generation, etc. NB: excludes lin-
guistic structures.

deep linguistic representation (DLR): any of a
variety of deep, underspecified, semantic repre-
sentations, such as abstract meaning represen-
tations (AMRs; Banarescu et al., 2013) or dis-
course representation structures (DRSs; Kamp
and Reyle, 2013).

shallow linguistic representation (SLR): any of
a variety of shallow, syntactic representations,
e.g. Universal Dependency (UD) structures; typ-
ically the input to surface realisation.

text: subsentential unit of text: a unit of text
shorter than a sentence, e.g. Referring Expres-
sions (REs), verb phrase, text fragment of any
length; includes titles/headlines.

text: sentence: a single sentence (or set of sen-
tences).

text: multiple sentences: a sequence of multiple
sentences, without any document structure (or a
set of such sequences).

text: document: a text with document structure,
such as a title, paragraph breaks or sections, e.g.
a set of news reports for summarisation.

text: dialogue: a dialogue of any length, exclud-
ing a single turn which would come under one
of the other text types.

text: other: select if output is text but doesn’t
match any of the above rext: * categories.

SWe use the term ‘human generation’ where the items

being evaluated have been created manually, rather than gen-

erated by an automatic system.
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O

speech: a recording of speech.

O visual: an image or video.

O multi-modal: catch-all value for any combi-

nation of data and/or linguistic representation
and/or visual data etc.

human-generated ‘outputs’: manually created
stand-ins exemplifying outputs.

other (please specify): if output is none of the
above, choose this option and describe it.

Question 2.3: How would you describe the
task that the evaluated system(s) perform in
mapping the inputs in Q2.1 to the outputs
in Q2.2? Occasionally, more than one of the
options below may apply. If none match,
select ‘Other’ and describe.

Check-box options (select all that apply):

v’ content selection/determination: selecting the

specific content that will be expressed in the
generated text from a representation of possible
content. This could be attribute selection for
REG (without the surface realisation step). Note
that the output here is not text.

content ordering/structuring: assigning an or-
der and/or structure to content to be included in
generated text. Note that the output here is not
text.

aggregation: converting inputs (typically deep
linguistic representations or shallow linguistic
representations) in some way in order to reduce
redundancy (e.g. representations for ‘they like
swimming’, ‘they like running’ — representa-
tion for ‘they like swimming and running’).

referring expression generation: generating
text to refer to a given referent, typically rep-
resented in the input as a set of attributes or a
linguistic representation.

lexicalisation: associating (parts of) an input
representation with specific lexical items to be
used in their realisation.

deep generation: one-step text generation from
raw/structured data or deep linguistic represen-
tations. One-step means that no intermediate
representations are passed from one indepen-
dently run module to another.



O surface realisation (SLR to text): one-step text
generation from shallow linguistic representa-
tions. One-step means that no intermediate rep-
resentations are passed from one independently
run module to another.

Sfeature-controlled text generation: generation
of text that varies along specific dimensions
where the variation is controlled via control
features specified as part of the input. In-
put is a non-textual representation (for feature-
controlled text-to-text generation select the
matching text-to-text task).

data-to-text generation: generation from
raw/structured data which may or may not in-
clude some amount of content selection as part
of the generation process. Output is likely to be
text:* or multi-modal.

dialogue turn generation: generating a dia-
logue turn (can be a greeting or closing) from
a representation of dialogue state and/or last
turn(s), etc.

question generation: generation of questions
from given input text and/or knowledge base
such that the question can be answered from the
input.

question answering: input is a question plus
optionally a set of reference texts and/or knowl-
edge base, and the output is the answer to the
question.

paraphrasing/lossless simplification: text-to-
text generation where the aim is to preserve
the meaning of the input while changing its
wording. This can include the aim of chang-
ing the text on a given dimension, e.g. mak-
ing it simpler, changing its stance or sentiment,
etc., which may be controllable via input fea-
tures. Note that this task type includes meaning-
preserving text simplification (non-meaning pre-
serving simplification comes under compres-
sion/lossy simplification below).

compression/lossy simplification: text-to-text
generation that has the aim to generate a shorter,
or shorter and simpler, version of the input text.
This will normally affect meaning to some ex-
tent, but as a side effect, rather than the primary
aim, as is the case in summarisation.

machine translation: translating text in a
source language to text in a target language
while maximally preserving the meaning.

O summarisation (text-to-text): output is an ex-

tractive or abstractive summary of the impor-
tant/relevant/salient content of the input docu-
ment(s).

end-to-end text generation: use this option if
the single system task corresponds to more than
one of tasks above, implemented either as sepa-
rate modules pipelined together, or as one-step
generation, other than deep generation and sur-
face realisation.

image/video description: input includes visual,
and the output describes it in some way.

post-editing/correction: system edits and/or
corrects the input text (typically itself the tex-
tual output from another system) to yield an
improved version of the text.

other (please specify): if task is none of the
above, choose this option and describe it.

l Question 2.4: Input Language(s), or ‘N/A’.

Quebec-French.

l Question 2.5: Output Language(s), or ‘N/A’.

N/A

C.3 Output Sample, Evaluators,
Experimental Design

C.3.1 Sample of system outputs (or
human-authored stand-ins) evaluated
(Questions 3.1.1-3.1.3)

Question 3.1.1: How many system outputs
(or other evaluation items) are evaluated per
system in the evaluation experiment? An-
swer should be an integer.

1761.

Question 3.1.2: How are system outputs (or
other evaluation items) selected for inclusion
in the evaluation experiment? If none match,
select ‘Other’ and describe.

Multiple-choice options (select one):

4292



O by an automatic random process from a larger
set: outputs were selected for inclusion in the
experiment by a script using a pseudo-random
number generator; don’t use this option if the
script selects every nth output (which is not
random).

O by an automatic random process but using
stratified sampling over given properties: use
this option if selection was by a random script as
above, but with added constraints ensuring that
the sample is representative of the set of outputs
it was selected from, in terms of given proper-
ties, such as sentence length, positive/negative
stance, etc.

O by manual, arbitrary selection: output sample
was selected by hand, or automatically from a
manually compiled list, without a specific selec-
tion criterion.

v by manual selection aimed at achieving bal-
ance or variety relative to given properties: se-
lection by hand as above, but with specific selec-
tion criteria, e.g. same number of outputs from
each time period.

O Other (please specify): if selection method is
none of the above, choose this option and de-
scribe it.

Question 3.1.3: What is the statistical power
of the sample size?

Following the methodology of Card et al. (2020),
we obtained a statistical power of X on the output
sample w.r.t the automatic evaluation metrics, the
two best-performing models (X and Y). We used
their online script to estimate the statistical power.

C.3.2 Evaluators (Questions 3.2.1-3.2.4)

Question 3.2.1: How many evaluators are
there in this experiment? Answer should be
an integer.

Twelve.

Question 3.2.2: What kind of evaluators are
in this experiment? Select all that apply.
If none match, select ‘Other’ and describe.
In all cases, provide details in the text box
under ‘Other’.

Check-box options (select all that apply):

O experts: participants are considered domain ex-
perts, e.g. meteorologists evaluating a weather
forecast generator, or nurses evaluating an ICU
report generator.

v’ non-experts: participants are not domain ex-
perts.

v’ paid (including non-monetary compensation
such as course credits): participants were given
some form of compensation for their participa-
tion, including vouchers, course credits, and
reimbursement for travel unless based on re-
ceipts.

O not paid: participants were not given compen-
sation of any kind.

O previously known to authors: (one of the) re-
searchers running the experiment knew some or
all of the participants before recruiting them for
the experiment.

v’ not previously known to authors: none of the
researchers running the experiment knew any of
the participants before recruiting them for the
experiment.

O evaluators include one or more of the authors:
one or more researchers running the experiment
was among the participants.

v’ evaluators do not include any of the authors:
none of the researchers running the experiment
were among the participants.

O Other (fewer than 4 of the above apply): we
believe you should be able to tick 4 options of
the above. If that’s not the case, use this box to
explain.

Question 3.2.3: How are evaluators re-
cruited?

Evaluators were recruited through a job offer on
the University job board and interviewed prior to
conducting the experiment.
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Question 3.2.4: What training and/or prac-
tice are evaluators given before starting on
the evaluation itself?

First, the evaluators have been introduced to the
task of minimal pairs. They were then introduced
to the dataset under study. They learned from an
annotation guideline and practices on 15 examples
before conducting the whole experiment.

Question 3.2.5: What other characteristics
do the evaluators have, known either be-
cause these were qualifying criteria, or from
information gathered as part of the evalua-
tion?

Quebec-French is their native language.

C.3.3 Experimental design (Questions
3.3.1-3.3.8)

Question 3.3.1: Has the experimental design
been preregistered? If yes, on which reg-
istry?

Question 3.3.2: How are responses col-
lected? E.g. paper forms, online survey tool,
etc.

The answers were collected using a customized ver-
sion of Prodigy®, hosted on Amazon Web Services.

Question 3.3.3: What quality assurance
methods are used? Select all that apply. If
none match, select ‘Other’ and describe. In
all cases, provide details in the text box un-
der ‘Other’.

Check-box options (select all that apply):

v’ evaluators are required to be native speakers
of the language they evaluate: mechanisms

6https://prodi .gy/

are in place to ensure all participants are native
speakers of the language they evaluate.

O automatic quality checking methods are
used during/post evaluation: evaluations are
checked for quality by automatic scripts during
or after evaluations, e.g. evaluators are given
known bad/good outputs to check they’re given
bad/good scores on MTurk.

v' manual quality checking methods are used
during/post evaluation:  evaluations are
checked for quality by a manual process during
or after evaluations, e.g. scores assigned by eval-
uators are monitored by researchers conducting
the experiment.

O evaluators are excluded if they fail quality
checks (often or badly enough): there are con-
ditions under which evaluations produced by
participants are not included in the final results
due to quality issues.

O some evaluations are excluded because of
failed quality checks: there are conditions un-
der which some (but not all) of the evaluations
produced by some participants are not included
in the final results due to quality issues.

O none of the above: tick this box if none of the
above apply.

O Other (please specify): use this box to describe
any other quality assurance methods used dur-
ing or after evaluations, and to provide addi-
tional details for any of the options selected
above.

Question 3.3.4: What do evaluators see
when carrying out evaluations? Link to
screenshot(s) and/or describe the evaluation
interface(s).

When evaluating, evaluators see the minimal pair.
To reduce any bias toward the annotation pattern,
the grammatical and ungrammatical sentence posi-
tion is sampled.

3.3.5: How free are evaluators regarding
when and how quickly to carry out evalua-
tions? Select all that apply. In all cases, pro-
vide details in the text box under ‘Other’.
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Check-box options (select all that apply):

O evaluators have to complete each individual
assessment within a set time: evaluators are
timed while carrying out each assessment and
cannot complete the assessment once time has
run out.

O evaluators have to complete the whole evalu-
ation in one sitting: partial progress cannot be

3.3.7: What are the experimental conditions
in which evaluators carry out the evalua-
tions? If none match, select ‘Other’ and
describe.

Multiple-choice options (select one):

saved and the evaluation returned to on a later v evaluation carried out by evaluators at a place

occasion.

v’ neither of the above: Choose this option if nei-
ther of the above are the case in the experiment.

O Other (please specify): Use this space to de-
scribe any other way in which time taken or
number of sessions used by evaluators is con-
trolled in the experiment, and to provide ad-
ditional details for any of the options selected
above.

3.3.6: Are evaluators told they can ask ques-
tions about the evaluation and/or provide
feedback? Select all that apply. In all cases,
provide details in the text box under ‘Other’.

Check-box options (select all that apply):

v’ evaluators are told they can ask any ques-
tions during/after receiving initial train-
ing/instructions, and before the start of the
evaluation: evaluators are told explicitly that
they can ask questions about the evaluation ex-
periment before starting on their assessments,
either during or after training.

O evaluators are told they can ask any questions
during the evaluation: evaluators are told ex-
plicitly that they can ask questions about the
evaluation experiment during their assessments.

O evaluators are asked for feedback and/or com-

ments after the evaluation, e.g. via an exit

questionnaire or a comment box: evaluators
are explicitly asked to provide feedback and/or
comments about the experiment after their as-
sessments, either verbally or in written form.

O None of the above: Choose this option if none
of the above are the case in the experiment.

O Other (please specify): use this space to de- O

scribe any other ways you provide for evaluators
to ask questions or provide feedback.
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of their own choosing, e.g. online, using a
paper form, etc.: evaluators are given access to
the tool or form specified in Question 3.3.2, and
subsequently choose where to carry out their
evaluations.

evaluation carried out in a lab, and conditions
are the same for each evaluator: evaluations
are carried out in a lab, and conditions in which
evaluations are carried out are controlled to be
the same, i.e. the different evaluators all carry
out the evaluations in identical conditions of
quietness, same type of computer, same room,
etc. Note we’re not after very fine-grained dif-
ferences here, such as time of day or tempera-
ture, but the line is difficult to draw, so some
judgment is involved here.

evaluation carried out in a lab, and conditions
vary for different evaluators: choose this op-
tion if evaluations are carried out in a lab, but
the preceding option does not apply, i.e. condi-
tions in which evaluations are carried out are
not controlled to be the same.

evaluation carried out in a real-life situation,
and conditions are the same for each evalu-
ator: evaluations are carried out in a real-life
situation, i.e. one that would occur whether or
not the evaluation was carried out (e.g. evalu-
ating a dialogue system deployed in a live chat
function on a website), and conditions in which
evaluations are carried out are controlled to be
the same.

evaluation carried out in a real-life situation,
and conditions vary for different evaluators:
choose this option if evaluations are carried out
in a real-life situation, but the preceding option
does not apply, i.e. conditions in which evalua-
tions are carried out are not controlled to be the
same.

evaluation carried out outside of the lab, in a
situation designed to resemble a real-life sit-
uation, and conditions are the same for each



evaluator: evaluations are carried out outside O Goodness: select this option if, in contrast to

of the lab, in a situation intentionally similar to
a real-life situation (but not actually a real-life
situation), e.g. user-testing a navigation system
where the destination is part of the evaluation
design, rather than chosen by the user. Condi-
tions in which evaluations are carried out are
controlled to be the same.

O evaluation carried out outside of the lab,ina  ©

situation designed to resemble a real-life situ-
ation, and conditions vary for different eval-
uators: choose this option if evaluations are
carried out outside of the lab, in a situation in-
tentionally similar to a real-life situation, but
the preceding option does not apply, i.e. condi-
tions in which evaluations are carried out are
not controlled to be the same.

O Other (please specify): Use this space to
provide additional, or alternative, information
about the conditions in which evaluators carry
out assessments, not covered by the options

correctness criteria, there is no single, general
mechanism for deciding when outputs are max-
imally good, only for deciding for two outputs
which is better and which is worse. E.g. for
Fluency, even if outputs contain no disfluencies,
there may be other ways in which any given
output could be more fluent.

Features: choose this option if, in terms of prop-
erty X captured by the criterion, outputs are not
generally better if they are more X, but instead,
depending on evaluation context, more X may
be better or less X may be better. E.g. outputs
can be more specific or less specific, but it’s not
the case that outputs are, in the general case,
better when they are more specific.

Question 4.1.2: Which aspect of system out-
puts is assessed by the quality criterion?

above. Multiple-choice options (select one):

v' Form of output: choose this option if the cri-

3.3.8: Unless the evaluation is carried out
at a place of the evaluators’ own choosing,
briefly describe the (range of different) con-

evaluations.

N/A.

C.4 Quality Criterion n — Definition and

Operationalisation o)

C.4.1 Quality criterion properties (Questions
4.1.1-4.1.3)

Question 4.1.1: What type of quality is as-
sessed by the quality criterion?

Multiple-choice options (select one):

v’ Correctness: select this option if it is possi-
ble to state, generally for all outputs, the condi-
tions under which outputs are maximally correct
(hence of maximal quality). E.g. for Grammat-
icality, outputs are (maximally) correct if they

ditions in which evaluators carry out the o

terion assesses the form of outputs alone, e.g.
Grammaticality is only about the form, a sen-
tence can be grammatical yet be wrong or non-
sensical in terms of content.

Content of output: choose this option if the
criterion assesses the content/meaning of the
output alone, e.g. Meaning Preservation only
assesses output content; two sentences can be
considered to have the same meaning, but differ
in form.

Both form and content of output: choose this
option if the criterion assesses outputs as a
whole, not just form or just content. E.g. Coher-
ence is a property of outputs as a whole, either
form or meaning can detract from it.

Question 4.1.3: Is each output assessed for
quality in its own right, or with reference
to a system-internal or external frame of
reference?

Multiple-choice options (select one):

contain no grammatical errors; for Semantic  v' Quality of output in its own right: choose this

Completeness, outputs are correct if they ex-
press all the content in the input.
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option if output quality is assessed without re-
ferring to anything other than the output itself,



i.e. no system-internal or external frame of refer- ~ Multiple-choice options (select one):

ence. E.g. Poeticness is assessed by considering
(just) the output and how poetic it is.

O Quality of output relative to the input: choose
this option if output quality is assessed relative
to the input. E.g. Answerability is the degree
to which the output question can be answered
from information in the input.

O Quality of output relative to a system-external
Jrame of reference: choose this option if output
quality is assessed with reference to system-
external information, such as a knowledge base,
a person’s individual writing style, or the per-
formance of an embedding system. E.g. Factual

v’ Absolute: choose this option if evaluators are

shown outputs from a single system during each
individual assessment.

O Relative: choose this option if evaluators are

shown outputs from multiple systems at the
same time during assessments, typically ranking
or preference-judging them.

Question 4.2.3: Is the evaluation intrinsic or
extrinsic?

Accuracy assesses outputs relative to a source ~ Multiple-choice options (select one):

of real-world knowledge.

C.4.2 Evaluation mode properties (Questions
4.2.1-4.2.3)

Questions 4.2.1-4.2.3 record properties that are
orthogonal to quality criteria, i.e. any given quality

v’ Intrinsic: Choose this option if quality of out-

puts is assessed without considering their effect
on something external to the system, e.g. the
performance of an embedding system or of a
user at a task.

criterion can in principle be combined with any of =~ O Extrinsic: Choose this option if quality of out-

the modes (although some combinations are more
common than others).

ment involve an objective or a subjective
judgment?

Multiple-choice options (select one):

v’ Objective: Examples of objective assessment

puts is assessed in terms of their effect on some-
thing external to the system such as the perfor-
mance of an embedding system or of a user at a
task.

Question 4.2.1: Does an individual assess- C.4.3 Response elicitation (Questions

4.3.1-4.3.11)

Question 4.3.1: What do you call the quality
criterion in explanations/interfaces to evalu-
ators? Enter ‘N/A’ if criterion not named.

include any automatically counted or other- N/A

wise quantified measurements such as mouse-
clicks, occurrences in text, etc. Repeated as-
sessments of the same output with an objective-
mode evaluation method always yield the same
score/result.

O Subjective: Subjective assessments involve rat-
ings, opinions and preferences by evaluators.
Some criteria lend themselves more readily to
subjective assessments, e.g. Friendliness of a
conversational agent, but an objective measure
e.g. based on lexical markers is also conceiv-
able.

Question 4.2.2: Are outputs assessed in ab-
solute or relative terms?

Question 4.3.2: What definition do you
give for the quality criterion in explana-
tions/interfaces to evaluators? Enter ‘N/A’
if no definition given.

Question 4.3.3: Size of scale or other rating
instrument (i.e. how many different possi-
ble values there are). Answer should be an
integer or ‘continuous’ (if it’s not possible
to state how many possible responses there
are). Enter ‘N/A’ if there is no rating instru-
ment.

Binary.
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Here is the verbatim question and instruction in
French to evaluators, we also present an automatic
translation.

Question 4.3.4: List or range of possible val-
ues of the scale or other rating instrument.
Enter ‘N/A’, if there is no rating instrument.

[0,1]

Question 4.3.5: How is the scale or other
rating instrument presented to evaluators?
If none match, select ‘Other’ and describe.

Multiple-choice options (select one):

o

o

o

Multiple-choice options: choose this option if
evaluators select exactly one of multiple op-
tions.

Check-boxes: choose this option if evaluators
select any number of options from multiple
given options.

Slider: choose this option if evaluators move a
pointer on a slider scale to the position corre-
sponding to their assessment.

N/A (there is no rating instrument): choose
this option if there is no rating instrument.

Other (please specify): choose this option if
there is a rating instrument, but none of the
above adequately describe the way you present
it to evaluators. Use the text box to describe the
rating instrument and link to a screenshot.

Question 4.3.6: If there is no rating instru-
ment, describe briefly what task the evalua-
tors perform (e.g. ranking multiple outputs,
finding information, playing a game, etc.),
and what information is recorded. Enter
‘N/A’ if there is a rating instrument.

N/A.

Question 4.3.7: What is the verbatim ques-
tion, prompt or instruction given to evalua-
tors (visible to them during each individual
assessment)?

Sélectionnez la phrase que vous jugez bien

écrite parmi les deux phrases disponibles.

Here is the automatic English translation of the

verbatim question and instructions for evaluators.

Select the sentence you think is well written

from the two available.

Question 4.3.8: Form of response elicitation.
If none match, select ‘Other’ and describe.

Multiple-choice options (select one):’

O (dis)agreement with quality statement: Partici-

pants specify the degree to which they agree
with a given quality statement by indicating
their agreement on a rating instrument. The
rating instrument is labelled with degrees of
agreement and can additionally have numerical
labels. E.g. This text is fluent — I=strongly
disagree...5=strongly agree.

direct quality estimation: Participants are asked
to provide a rating using a rating instrument,
which typically (but not always) mentions the
quality criterion explicitly. E.g. How fluent is
this text? — I=not at all fluent...5=very fluent.

relative quality estimation (including ranking):
Participants evaluate two or more items in terms
of which is better. E.g. Rank these texts in terms
of fluency; Which of these texts is more fluent?;
Which of these items do you prefer?.

counting occurrences in text: Evaluators are
asked to count how many times some type of
phenomenon occurs, e.g. the number of facts
contained in the output that are inconsistent with
the input.

qualitative feedback (e.g. via comments en-
tered in a text box): Typically, these are re-
sponses to open-ended questions in a survey or
interview.

evaluation through post-editing/annotation:
Choose this option if the evaluators’ task con-
sists of editing or inserting annotations in text.
E.g. evaluators may perform error correction

"Explanations adapted from Howcroft and Bergvall-
Kareborn (2019).
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and edits are then automatically measured to
yield a numerical score.

output classification or labelling: Choose this
option if evaluators assign outputs to categories.
E.g. What is the overall sentiment of this piece
of text? — Positive/neutral/negative.

user-text interaction measurements: choose
this option if participants in the evaluation ex-
periment interact with a text in some way, and
measurements are taken of their interaction. E.g.
reading speed, eye movement tracking, com-
prehension questions, etc. Excludes situations
where participants are given a task to solve and
their performance is measured which comes un-
der the next option.

task performance measurements: choose this
option if participants in the evaluation experi-
ment are given a task to perform, and measure-
ments are taken of their performance at the task.
E.g. task is finding information, and task perfor-
mance measurement is task completion speed
and success rate.

user-system interaction measurements: choose
this option if participants in the evaluation ex-
periment interact with a system in some way,
while measurements are taken of their interac-
tion. E.g. duration of interaction, hyperlinks
followed, number of likes, or completed sales.

Other (please specify): Use the text box to de-
scribe the form of response elicitation used in
assessing the quality criterion if it doesn’t fall
in any of the above categories.

Question 4.3.9: How are raw responses from
participants aggregated or otherwise pro-
cessed to obtain reported scores for this qual-
ity criterion? State if no scores reported.

Macro averages are computed from numerical
scores to provide a summary.

Question 4.3.10: Method(s) used for deter-
mining effect size and significance of find-
ings for this quality criterion.

What to enter in the text box: A list of methods
used for calculating the effect size and significance

of any results, both as reported in the paper given
in Question 1.1, for this quality criterion. If none
calculated, state ‘None’.

None.

Question 4.3.11: Has the inter-annotator
and intra-annotator agreement between
evaluators for this quality criterion been
measured? If yes, what method was used,
and what are the agreement scores?

Worker Agreement With Aggregate (WAWA) coef-
ficient (Ning et al., 2018) is used to measure inter-
annotator agreement. WAWA coefficients are de-
tailled in Table 4.

C.5 Ethics

Question 5.1: Has the evaluation experi-
ment this sheet is being completed for, or the
larger study it is part of, been approved by
a research ethics committee? If yes, which
research ethics committee?

No. QFrBLIMP

Question 5.2: Do any of the system outputs
(or human-authored stand-ins) evaluated, or
do any of the responses collected, in the ex-
periment contain personal data (as defined
in GDPR Art. 4, §1: https://gdpr.eu/article-
4-definitions/)? If yes, describe data and
state how addressed.

Question 5.3: Do any of the system outputs
(or human-authored stand-ins) evaluated,
or do any of the responses collected, in
the experiment contain special category
information (as defined in GDPR Art. 9, §1:
https://gdpr.eu/article-9-processing-special-
categories-of-personal-data-prohibited/)? If
yes, describe data and state how addressed.

No.

4299



Question 5.4: Have any impact assessments
been carried out for the evaluation experi-
ment, and/or any data collected/evaluated
in connection with it? If yes, summarise ap-
proach(es) and outcomes.

No.

4300



D Selected LLM Details

We present in Table 10 the comprehensive suite of
open-source LL.Ms benchmarked in our study, de-
tailing their origins and respective sizes. The selec-
tion was curated to cover a wide spectrum of param-
eter counts, and to include those with specializa-
tions in French (Y) or reasoning (I'). All LLMs are
downloaded from the HuggingFace Model reposi-
tory (Wolf et al., 2020) using default parameters.

E Complete Results

In this section, we present the complete results of
our analysis. Table 11 present the complete results
of our 77 evaluated LLMs, while Table 12 present
the difference of each LLM performance agains
our Human baseline.
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LLM Source Size LLM Source Size
Aya-23-8b Aryabumi et al. (2024) 8B Meta-Llama-3.1-70b (I") Grattafiori et al. (2024)  70.6B
Aya-expanse-8b Dang et al. (2024) 8B Meta-Llama-3.1-70b-it (I') Grattafiori et al. (2024)  70.6B
BERT-base-French-europeana (1) Staatsbibliothek (2021) 110.6M Meta-Llama-3.1-8b (I') Grattafiori et al. (2024) 8B
Bloom-1b1 Scao et al. (2022) 1B Meta-Llama-3.1-8b-it (I')  Grattafiori et al. (2024) 8B
Bloom-1b7 Scao et al. (2022) 1.7B Ministral-8b-it Rastogi et al. (2025) 8B
Bloom-560m Scao et al. (2022) 559.2M Mistral-7b Rastogi et al. (2025) 7.2B
Bloom-7b1 Scao et al. (2022) 7B Mistral-7b-it Rastogi et al. (2025) 7.2B
Bloomz-1b1 Muennighoff et al. (2023) 1B Mistral-nemo-it Rastogi et al. (2025) 12.2B
Bloomz-560m Muennighoff et al. (2023) 559.2M Mistral-small-it Rastogi et al. (2025) 22.2B
CamemBERT-base (1) Martin et al. (2020) 110.6M Mixtral-8x7b Rastogi et al. (2025) 46.7B
CamemBERT-1arge (1) Martin et al. (2020) 336.6M Mixtral-8x7b-it Rastogi et al. (2025) 46.7B
Chocolatine-14b-it (T) Pacifico (2024a) 14B Phi-3.5-mini-it Abdin et al. (2024a) 3.8B
Chocolatine-2-14b-it (Y) Pacifico (2025) 14.8B  Phi-4 Abdin et al. (2024b) 14.7B
Claire-7b-FR-it (1) OpenLLM France (2021)  6.92B  QwQ-32b (I') Qwen Team (2025) (I")  32.8B
DeepSeek-R1-distill-Llama-8b (I') DeepSeek-Al (2025) 8.03B  Qwen2.5-0.5b Hui et al. (2024) 494M
DeepSeek-R1-distill-Qwen-14b (I')  DeepSeek-Al (2025) 14.8B  Qwen2.5-0.5b-it (I") Hui et al. (2024) 494M
DeepSeek-R1-distill-Qwen-32b (I')  DeepSeek-Al (2025) 32.8B  Qwen2.5-1.5b Hui et al. (2024) 1.5B
DeepSeek-R1-distill-Qwen-7b (I") DeepSeek-Al (2025) 7.62B  Qwen2.5-1.5b-it Hui et al. (2024) 1.5B
Deepthink-reasoning-14b (I") Sakthi (2025a) 14.8B  Qwen2.5-14b Hui et al. (2024) 14.7B
Deepthink-reasoning-7b (I') Sakthi (2025b) 7.62B  Qwen2.5-14b-it Hui et al. (2024) 14.7B
FLAN-T5-base Chung et al. (2024) 247.5M  Qwen2.5-32b Hui et al. (2024) 32.8B
FLAN-T5-1arge Chung et al. (2024) 783.1M  Qwen2.5-32b-it Hui et al. (2024) 32.8B
FLAN-T5-small Chung et al. (2024) 76.9M  Qwen2.5-3b Hui et al. (2024) 3B
FLAN-T5-x1 Chung et al. (2024) 2.8B Qwen2.5-3b-it Hui et al. (2024) 3B
FLAN-T5-xx1 Chung et al. (2024) 11.1B  Qwen2.5-72b Hui et al. (2024) 72.7B
French-Alpaca-Llama3-8b-it (Y, I') Pacifico (2024b) 8.03B  Qwen2.5-72b-it Hui et al. (2024) 72.7B
Gemma-2-27b (I') Mesnard et al. (2024) 272B  Qwen2.5-7b Hui et al. (2024) 7.6B
Gemma-2-27b-it (I") Mesnard et al. (2024) 27.2B  Qwen2.5-7b-it Hui et al. (2024) 7.6B
Gemma-2-2b (I") Mesnard et al. (2024) 2.6B Reka-flash-3 (I') Reka AI (2025) 20.9B
Gemma-2-2b-it (I") Mesnard et al. (2024) 2.6B S1.1-32b (I") Simple Scaling (2025) 32.8B
Gemma-2-9b (I") Mesnard et al. (2024) 9.2B SmolLM2-1.7b Allal et al. (2025) 1.7B
Gemma-2-9b-it (I") Mesnard et al. (2024) 9B SmolLM2-1.7b-it Allal et al. (2025) 1.7B
Llama-3.2-1b (I') Grattafiori et al. (2024) 1.2B SmolLM2-135m Allal et al. (2025) 134.5M
Llama-3.2-1b-it (I") Grattafiori et al. (2024) 1.2B SmolLM2-135m-it Allal et al. (2025) 134.5M
Llama-3.2-3b (') Grattafiori et al. (2024) 3.21B  SmolLM2-360m Allal et al. (2025) 361.8M
Llama-3.2-3b-it (I') Grattafiori et al. (2024) 3.21B  SmolLM2-360m-it Allal et al. (2025) 361.8M
Lucie-7b (1) Gouvert et al. (2025) 6.71B  XLM-roBERTa-base Conneau et al. (2020) 278.2M
Lucie-7b-it (1) Gouvert et al. (2025) 6.71B  XLM-roBERTa-large Conneau et al. (2020) 560.1M
Lucie-7b-it-human-data (Y) Gouvert et al. (2025) 6.71B

Table 10: The selected open-source LLM used in our work, along with their source and size. ““Y”” are model that
have a specialization in French, while I' are model marketed as reasoning LLM.
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LLM 1 2 3 4 5 6 7 8 9 10 n 12 13 14 15 16 17 18 19 20

Aya-23-8b 8454 81.05 8454 9271 9697 69.07 80.70 7075 6195 8242 80.00 90.00 7292 8866 7667 7333 8333 6500 70.00 20.63
Aya-expanse-8b 8247 8316 8351 8958 9697 72.16 8246 7547 60.18 8791 8400 9400 77.08 9175 7333  66.67 76.67 7167 70.00 25.40
BERT-base-French-europeana (1) 6392 6842 4742 7708 5455 4948 8333 6132 56.64 4835 68.00 7400 40.62 27.84 90.00 88.33 8833 91.67 71.67 [1.59
Bloom-1b1 88.66 9579 9794 9167 9798 9381 87.72 8208 6549 9121 91.00 98.00 8125 97.94 81.67 90.00 80.00 81.67 8500 2540
Bloom-1b7 88.66 97.89 9794 9271 9697 9485 9123 8585 69.03 9341 9100 100.00 8021 97.94 86.67 96.67 80.00 81.67 8333 2857
Bloom-560m 89.69 9053 9897 9271 9596 91.75 88.60 8585 6195 9121 90.00 97.00 8438 9794 81.67 90.00 76.67 76.67 80.00 20.63
Bloom-7b1 91.75 9474 9691 9167 9596 9278 9386 8491 69.03 9231 9500 100.00 8542 97.94 80.00 9667 8333 81.67 8333 42.86
Bloomz-1b1 83.51 9579 9794 9167 9697 9485 9035 8585 6195 89.01 91.00 99.00 8229 9691 7833 86.67 76.67 81.67 8500 39.68
Bloomz-560m 8557 9053 9381 91.67 9697 91.75 86.84 83.96 60.18 9121 86.00 97.00 8125 9794 7833 8833 7333 71.67 8500 23.81
CamemBERT-base () 59.79 4421 4536 6771 5657 4227 81.58 49.06 3540 5165 6000 64.00 4375 2887 9167 100.00 90.00 96.67 75.00 [1.59
CamemBERT-1arge (1) 4845 3895 4227 6250 3030 4948 8246 5566 4071 5275 65.00 52.00 3542 2268 9333 100.00 90.00 9500 65.00 [0.00
Chocolatine-14b-it (1) 90.72 97.89 9381 9583 9596 9485 9211 88.68 76.11 90.11 9400 99.00 8438 8144 86.67 8833 8833 76.67 7833 4444
Chocolatine-14b-it (1) 90.72  97.89 9381 9583 9596 9485 92.11 88.68 76.11 90.11 9400 99.00 84.38 8144 86.67 8833 8833 76.67 7833 4444
Chocolatine-2-14b-it (T) 91.75 9895 9583 9792 9697 9691 9561 88.68 71.68 9231 90.00 98.00 8438 89.69 8333 9500 81.67 81.67 7333 42.86
Claire-7b-fr-it (1) 9278 9789 9794 9792 9798 9691 9561 9151 69.03 9670 9200 99.00 87.50 8144 91.67 9500 8833 81.67 76.67 38.10

DeepSeek-R1-distill-Llama-8b (I) 91.75 91.58 9588 9375 9495 86.60 7632 88.68 6195 86.81 90.00 9600 8125 8144 7833 9333 80.00 7500 6500 33.33
DeepSeek-R1-distill-Qwen-14b () 91.75 9579 97.94 9688 9798 9588 86.84 9245 69.03 8571 93.00 9800 77.08 88.66 8333 9333 8333 86.67 7333 47.62
DeepSeek-R1-distill-Qwen-32b () 92.78 9579 96.91 9271 9495 93.81 9211 88.68 68.14 90.11 9200 9800 84.38 8557 8500 9833 8167 8833 66.67 57.14
DeepSeek-R1-distill-Qwen-7b (I') 8041 80.00 9588 8646 9495 8557 7632 73.58 5575 7143 8300 88.00 69.79 8144 6667 8500 7833 6167 50.00 3651

Deepthink-reasoning-14b (I') 9278 96.84 9794 9479 9596 9588 9474 9151 71.68 9231 9200 98.00 8333 9072 80.00 9333 8500 86.67 76.67 38.10
Deepthink-reasoning-7b (I') 93.81 9895 9485 9792 9697 9691 9474 89.62 6726 9121 90.00 99.00 81.25 88.66 86.67 93.33 8833 86.67 7333 53.97
FLAN-T5-base 79.38 6737 70.10 7812 8182 5876 6579 70.75 57.52 60.44 7000 8200 5833 5361 [10.00 20.00 1833 21.67 7333 23.81
FLAN-T5-1arge 7835 6421 6289 5417 89.90 7320 7895 6321 4602 5385 7800 7500 53.12 70.10 1833 3000 2000 2333 66.67 52.38
FLAN-T5-small 5979 5053 4742 6146 67.68 5567 7193 66.04 4779 3956 57.00 57.00 51.04  37.11 25.00 26.67 2500 3500 65.00 47.62
FLAN-T5-x1 83.51 7895 68.04 5833 9293 5361 8158 5849 4425 5824 8200 72.00 5625 7423 2500 4333 4500 60.00 63.33 3333
FLAN-T5-xx1 7423 6842 5258 6042 7980 67.01 73.68 6509 5133 4835 77.00 7400 53.12 5773 5500 6833 4500 6500 6333 3175
French-Alpaca-Llama3-8b-it (Y,I) 9278 90.53 9588 93.75 9697 9278 91.23 89.62 7434 8791 90.00 9600 8542 8557 80.00 96.67 8833 86.67 7500 2857
Gemma-2-27b-it (I") 88.66 8737 9691 9583 9697 91.75 9123 8585 6195 9451 8800 93.00 77.08 8454 91.67 9833 9333 91.67 8333 3333
Gemma-2-27b (T') 84.54 9789 9691 9792 9697 9691 9737 8396 6637 97.80 9200 98.00 8125 8351 9500 9833 96.67 9333 81.67 38.10
Gemma-2-2b-it (I') 83.51 9158 9588 9583 100.00 88.66 88.60 8679 6549 9121 8500 93.00 8333 7938 91.67 96.67 90.00 8333 70.00 2222
Gemma-2-2b (I') 8557 96.84 9588 9375 98.99 89.69 9211 8774 6549 9121 8800 96.00 79.17 7629 9500 96.67 91.67 90.00 75.00 28.57
Gemma-2-9b-it (I') 87.63 9263 9691 9375 98.99 8763 8596 8585 6726 89.01 9100 9400 78.12 8247 9833 9500 9333 9333 80.00 41.27
Gemma-2-9b (I") 88.66 9579 9485 9583 97.98 9278 9474 89.62 6726 9341 90.00 98.00 8125 8144 9833 10000 9500 91.67 81.67 30.16

~1b-it (I') 87.63 8842 9278 9479 9899 9278 8246 8585 69.03 84.62 88.00 9500 8229 8247 7667 8833 86.67 60.00 66.67 19.05

-1b (I') 88.66 89.47 9485 91.67 9899 9072 9035 8491 7345 8791 87.00 93.00 8229 8557 91.67 9167 90.00 7333 7333 19.05

-3b-it (I') 93.81 91.58 9583 9375 9798 9381 9123 87.74 7080 8791 88.00 9400 8229 88.66 91.67 9500 86.67 80.00 76.67 22.22
Llama-3.2-3b (I') 9278 9368 9691 9375 100.00 91.75 9386 87.74 68.14 9341 89.00 96.00 88.54 89.69 90.00 9500 9333 93.33 7333 20.63
Lucie-7b-it-human-data (1) 7629 83.16 9485 89.58 9697 9278 9123 8679 57.52 90.11 8500 9400 76.04 7526 86.67 9833 9167 96.67 71.67 1587
Lucie-7b-it (1) 7938 97.89 95838 9271 100.00 9278 9211 86.79 6637 9451 9400 98.00 81.25 8351 96.67 100.00 91.67 90.00 7833 22.22
Lucie-7b (T) 89.69 9895 9588 9688 98.99 9485 9649 9245 6637 9670 9400 100.00 8333 89.69 90.00 9833 9333 9500 7500 39.68
Meta-Llama-3.1-70b-it (I') 9175 9474 9381 9583 9697 9583 8947 88.68 7080 9121 9500 93.00 8333 9072 9500 100.00 8833 91.67 7333 41.27
Meta-L1lama- 91.75 96.84 9485 9375 97.98 9485 9474 9434 7522 9341 9200 96.00 8229 86.60 96.67 100.00 86.67 86.67 6833 49.21
Meta-L1lama- 9175 9474 9691 96.88 9798 9381 9386 87.74 7876 9341 9200 96.00 8438 87.63 90.00 9833 9167 8333 7167 30.16
Meta-L1lama-3. 90.72 9474 9794 9583 9697 9278 9474 8774 7345 9231 89.00 96.00 8229 8557 8500 100.00 9500 80.00 7500 31.75
Ministral-8b-it 8557 9263 9691 9688 9596 9588 9474 8774 5841 9121 93.00 98.00 8125 91.75 91.67 9833 91.67 9333 8500 30.16
Mistral-7b-it 90.72 9474 9691 9375 9596 89.69 8772 88.68 68.14 9121 90.00 96.00 8438 7938 8833 9500 90.00 91.67 76.67 2698
Mistral-7b 86.60 9158 9588 9375 9596 9278 9035 83.02 6991 9121 91.00 9500 8229 8247 8833 9333 90.00 8500 7333 26.98
Mistral-nemo-it 8557 93.68 9897 9896 97.98 9588 9386 89.62 5929 9231 9200 97.00 8125 9278 90.00 9833  90.00 8833 80.00 36.51
Mistral-small-it 9175 9579 95838 9583 9798 9175 9649 89.62 6637 9231 9400 98.00 8438 86.60 86.67 9833  86.67 90.00 80.00 39.68
Mixtral-8x7b-it 89.69 9579 9381 9792 9798 9588 99.12 89.62 6637 9341 9400 99.00 8125 86.60 9333 96.67 90.00 86.67 76.67 42.86
Mixtral-8x7b-it 90.72  96.84 9381 9792 9495 9588 99.12 9151 6637 9231 9400 99.00 81.25 87.63 91.67 9667 8500 86.67 7833 44.44
Mixtral-8x7b 88.66 9474 9485 9688 9596 9691 9825 8585 6549 9121 90.00 100.00 8125 90.72 88.33 9833 8833 8500 7500 36.51
Mixtral-8x7b 91.75 9474 9588 9792 9697 9588 99.12 89.62 6549 9341 93.00 100.00 8229 88.66 90.00 9833 8833 90.00 7833 46.03
Phi-3-mini-4k-it 88.66 93.68 9691 9688 9596 91.75 8947 88.68 69.03 8571 9200 97.00 8229 8247 8500 9333 8333 7833 7333 4127
Phi-3.5-mini-it 88.66 93.68 9794 9688 9899 9381 9386 89.62 7434 8571 90.00 97.00 8333 80.41 90.00 8833 90.00 63.33 70.00 36.51
Phi-4 (I') 9278 9895 9691 96.88 9697 9794 9737 8868 71.68 9560 93.00 99.00 8229 9278 8333 96.67 86.67 8833 71.67 49.21
QwQ-32b (I') 9175 97.89 9691 9792 9495 97.94 9649 9245 7080 9451 90.00 98.00 8646 88.66 91.67 96.67 81.67 88.33 7333 46.03

Qwen2.5-0.5b-it 86.60 8737 9485 9583 9798 91.75 8421 8396 6726 8242 87.00 91.00 8125 72.16 88.33 8833 9167 66.67 70.00 23.81

2. 86.60 8526 93.81 9271 98.99 87.63 87.72 83.02 6726 8571 88.00 91.00 79.17 70.10 9500  90.00 9500 71.67 7333 2222
9278 8737 9691 9583 10000 93.81 9123 89.62 6991 8791 86.00 9400 81.25 86.60 8833 90.00 91.67 80.00 7500 39.68
91.75 8842 9583 9792 9899 9691 8947 89.62 68.14 86.81 90.00 9400 81.25 88.66 91.67 9333 91.67 81.67 80.00 31.75
9381 9684 9794 9583 9596 9588 9561 9151 71.68 9121 91.00 97.00 8646 91.75 8500 9500 86.67 8500 76.67 38.10
93.81 97.89 9897 9688 9596 9588 9561 90.57 6991 9451 89.00 97.00 8438 9072 86.67 9500 8500 86.67 7833 33.33
9278 97.89 9691 9688 97.98 9691 9737 9340 68.14 9560 87.00 98.00 8750 90.72 90.00 96,67 8833 8833 81.67 47.62
93.81 9895 9691 9688 9697 97.94 9825 9151 6726 9341 91.00 98.00 8646 89.69 91.67 9833  86.67 90.00 80.00 47.62
9175 9579 9794 9688 9899 9381 9386 86.79 70.80 9121 91.00 95.00 8229 8247 8833 9667 86.67 8833 7167 4444
9175 9579 9794 9688 9899 9381 9386 87.74 71.68 9231 93.00 9500 81.25 8247 91.67 100.00 91.67 8833 7333 34.92
93.81 9895 9485 9792 9798 9485 9386 9151 69.03 9231 91.00 97.00 8125 91.75 91.67 9833 90.00 88.33 70.00 57.14
93.81 9895 9485 9792 9899 9588 9649 89.62 64.60 9560 9400 99.00 8333 89.69 90.00 9833 9167 90.00 7833 60.32
94.85 9895 9485 9688 9798 9691 9474 8868 68.14 9231 90.00 99.00 81.25 89.69 8833 9500 9167 86.67 7333 52.38

Qwen?2.

Quen2.f
Qwen2.!

Qwen2.: 94.85 97.89 9485 9792 9899 9691 9561 8585 69.03 9231 93.00 98.00 8229 9072 9333 9667 9167 8500 8167 42.86
Reka-flash-3 (I') 93.81 97.89 9278 9375 9394 9175 8333 8679 6991 9231 91.00 98.00 8646 93.81 86.67 86.67 76.67 7833 71.67 49.21
$1.1-32b (I') 93.81 9895 9691 9688 9697 9691 9649 9245 69.03 9341 8700 98.00 8750 88.66 8500 98.33 8500 91.67 7833 4921
SmolLM2-1.7b-it 83.51 80.00 86,60 91.67 9596 8144 7807 7925 6549 7692 77.00 92.00 7812 7732 81.67 80.00 80.00 66.67 71.67 3.7
SmolLM2-1.7b 7526 81.05 9072 9167 9899 8454 81.58 79.25 68.14 8022 8200 93.00 7292 71.13 8833 7833 7833 6333 7500 [1.59
SmolLM2-135m-it 70.10  64.21 83.51 72.92 96.97 4742 7982 6038 5841 61.54  67.00 71.00 6146 7216 71.67 48.33 61.67 61.67 5500 [15.87
SmolLM2-135m 67.01 6842 8557 79.17 9596 5464 8246 5943 61.06 6374 68.00 7800 6042 5876 91.67 66.67 7000 5333 6833 [1.59
SmolLM2-360m-it 7526 7263 86.60 79.17 9697 69.07 7544 6132 6283 5934 7400 80.00 70.83 79.38 8833 60.00 6833 51.67 60.00 7.94
SmolLM2-360m 7423 7263 8557 8438 9798 71.13 8158 6132 6195 6593 7200 8500 69.79 7526 8833 6500 7833 5500 66.67 9.52
XLM-roBERTa-base 5567 6737 4639 5833 2929 53.61 6140 5189 5310 56.04 71.00 6100 5521 3608 4333 2667 2500 60.00 2667 50.79
XLM-roBERTa-large 63.92 8211 7938 8438 68.69 7216 7544 6887 6460 68.13 8200 9200 68.75 5876 76.67 8833 7333 6833 56.67 5556
Random 5155 4947 4227 5312 4545 3711 5439 5377 53.10 4725 5400 5500 50.00 4948 41.67 5167 40.00 53.33 4333 55.56
Human 90.72  90.53 9485 90.62 9192 9278 9298 89.62 8142 86.81 9400 93.00 8021 9897 7500 90.00 9500 73.33 76.67 84.13

Table 11: The complete results average accuracy scores (%) (higher is better) of the 77 LLMs and our baselines
(Random, Human) by linguistic phenomena (“LP”). “Y” are model that have a specialization in French, while I" are
model marketed as reasoning LLM. Linguistic phenomena (header) are presented in Table 3.
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LLM 1 2 3 4 5 6 7 8 9 10 n 12 13 14 15 16 17 18 19 20

Aya-23-8b -6.18 -9.48 -10.31 2.09 5.05 -2371 -1228 -18.87 -1947 -4.39 -14.00 -3.00 -1.29 -10.31 1.67 -16.67  -11.67 -8.33 -6.67 -63.50
Aya-expanse-8b -8.25 -1.37 -11.34 -1.04 5.05 -20.62  -10.52  -14.15 -21.24 L10 -10.00 1.00 -3.13 -7.22 -1.67 -23.33  -18.33 -1.66 -6.67 -58.73
BERT-base-French-europeana-cased (T) -26.80 -22.11 -47.43 -1354 -37.37 -43.30 -9.65 -2830 -2478 -3846 -26.00 -19.00 -39.59 [-71.13 15.00 -1.67 -6.67 18.34 -5.00 -82.54
Bloom-1b1 -2.06 526 3.09 1.05 6.06 1.03 -5.26 -1.54 -15.93 4.40 -3.00 5.00 1.04 -1.03 6.67 0.00 -15.00 8.34 8.33 -58.73
Bloom-1b7 -2.06 7.36 3.09 2.09 5.05 2.07 -1.75 -3.77 -12.39 6.60 -3.00 7.00 0.00 -1.03 11.67 6.67 -15.00 8.34 6.66 -55.56
Bloom-560m -1.03 0.00 4.12 2.09 4.04 -1.03 -4.38 -3.77 -19.47 4.40 -4.00 4.00 4.17 -1.03 6.67 0.00 -18.33 3.34 333 -63.50
Bloom-7b1 1.03 4.21 2.06 1.05 4.04 0.00 0.88 -4.71 -12.39 5.50 1.00 7.00 5.21 -1.03 5.00 6.67 -11.67 8.34 6.66 -41.27
Bloomz-1b1 -7.21 526 3.09 1.05 5.05 2.07 -2.63 -3.77 -19.47 2.20 -3.00 6.00 2.08 -2.06 3.33 -3.33 -18.33 834 833 -44.45
Bloomz-560m -5.15 0.00 -1.04 1.05 5.05 -1.03 -6.14 -5.66 -21.24 4.40 -8.00 4.00 1.04 -1.03 333 -1.67 -21.67 -1.66 8.33 -60.32
CamemBERT-base (1) -30.93  -4632 4949 2291 -3535 -50.51 -11.40 -40.56 -46.02 -3516 -3400 -29.00 -36.46 [-70.10 16.67 10.00 -5.00 23.34 -1.67 -82.54
CamemBERT-1arge () -4227 5158 -52.58 -28.12 | -61.62 -43.30 -10.52 -33.96 -40.71 -34.06 -29.00 -41.00 -44.79 [-76.29 18.33 10.00 -5.00 2167 -11.67 [-84.13
Chocolatine-14b-it (T) 0.00 7.36 -1.04 521 4.04 2.07 -0.87 -0.94 -5.31 3.30 0.00 6.00 4.17 -17.53 11.67 -1.67 -6.67 3.34 1.66 -39.69
Chocolatine-14b-it (T) 0.00 7.36 -1.04 5.21 4.04 2.07 -0.87 -0.94 -5.31 3.30 0.00 6.00 4.17 -17.53 11.67 -1.67 -6.67 3.34 1.66 -39.69
Chocolatine-2-14b-it (T) 1.03 8.42 1.03 7.30 5.05 4.13 2.63 -0.94 9.74 5.50 -4.00 5.00 4.17 -9.28 8.33 5.00 8.34 -3.34 -41.27
Claire-7b-fr-it () 2.06 7.36 3.09 7.30 6.06 4.13 2.63 1.89 -12.39 9.89 -2.00 6.00 7.29 -17.53 16.67 5.00 -6.67 8.34 0.00 -46.03
DeepSeek-R1-distill-Llama-8b (I') 1.03 1.05 1.03 SLil) 3.03 -6.18 -16.66  -0.94 -19.47 0.00 -4.00 3.00 1.04 -17.53 BSi8) Bes) -15.00 1.67 -11.67  -50.80
DeepSeek-R1-distill-Qwen-14b (I') 1.03 526 3.09 6.26 6.06 3.10 -6.14 2.83 -12.39 -1.10 -1.00 5.00 -3.13 -10.31 833 3.33 -11.67 13.34 -3.34 -36.51
DeepSeek-R1-distill-Qwen-32b (T') 2.06 526 2.06 2.09 3.03 1.03 -0.87 -0.94 -13.28 330 -2.00 5.00 4.17 -13.40 10.00 8.33 =535 1500 -10.00 -26.99
DeepSeek-R1-distill-Qwen-7b (I") -10.31 -10.53 1.03 -4.16 3.03 -7.21 -16.66  -16.04 -25.67 -1538  -11.00 -5.00 -1042  -17.53 -8.33 -5.00 -16.67  -11.66  -26.67  -47.62
Deepthink-reasoning-14b (') 2.06 6.31 3.09 4.17 4.04 3.10 1.76 1.89 9.74 5.50 -2.00 5.00 312 -8.25 5.00 Bss) -10.00 13.34 0.00 -46.03
Deepthink-reasoning-7b (I') 3.09 8.42 0.00 7.30 5.05 4.13 1.76 0.00 -14.16 440 -4.00 6.00 1.04 -10.31 11.67 22 -6.67 13.34 -3.34 -30.16
FLAN-T5-base -11.34 2316  -2475 -1250 -10.10 -34.02 -27.19 -18.87 -2390 -2637 -2400 -11.00 -21.88 -4536 [-65.00 |-70.00 |-76.67 -51.66 -3.34 -60.32
FLAN-T5-large -1237 2632 -31.96 -36.45 -2.02 -19.58  -14.03  -2641 -3540 -3296 -1600 -18.00 -27.09 -28.87 -56.67 [-60.000 -75.000 -50.00 -10.00 -31.75
FLAN-T5-small -30.93  -40.00 -4743 -29.16 -2424 -37.11 -21.05 -23.58 -33.63 -47.25 -37.00 -36.00 -29.17 [-61.86 -50.00 |-63.33 |-70.00 -38.33 -11.67 -36.51
FLAN-T5-x1 =12 -11.58  -26.81 -32.29 1.01 -39.17 -11.40 -31.13  -37.17 -28.57 -1200 -21.00 -2396 -24.74 -50.00 -46.67 -50.00 -13.33 -13.34 -50.80
FLAN-T5-xx1 -1649  -22.11 4227 -3020 -12.12  -2577 -19.30 -2453 -30.09 -3846 -17.00 -19.00 -27.09 -41.24 -20.00 -21.67 -50.00 -8.33 -13.34  -52.38
French-Alpaca-Llama3-8b-it (T, ) 2.06 0.00 1.03 Bas) 5.05 0.00 -1.75 0.00 -7.08 1.10 -4.00 3.00 5.21 -13.40 5.00 6.67 -6.67 13.34 -1.67 -55.56
Gemma-2-27b-it (') -2.06 -3.16 2.06 5.21 5.05 -1.03 -1.75 -3.77 -19.47 7.70 -6.00 0.00 -3.13 -14.43 16.67 833 -1.67 18.34 6.66 -50.80

Gemma-2-27b (I')
Gemma-2-2b-it (I')
Gemma-2-2b ()

7.36 2.06 7.30 5.05 4.13 4.39 -5.66 -15.05 10.99 -2.00 5.00 1.04 -15.46  20.00 8.33 1.67 20.00 5.00 -46.03
1.05 1.03 5.21 8.08 -4.12 -4.38 -2.83 -15.93 4.40 -9.00 0.00 3.12 -19.59 16.67 6.67 -5.00 10.00 -6.67 -61.91
6.31 1.03 3.13 7.07 -3.09 -0.87 -1.88 -15.93 4.40 -6.00 3.00 -1.04 -22.68  20.00 6.67 =333 16.67 -1.67 -55.56
2.10 2.06 313 7.07 -5.15 -7.02 -3.77 -14.16 220 -3.00 1.00 -2.09 -16.50  123.33 5.00 -1.67 20.00 S8} -42.86

Gemma-2-9b-it (I') I
Gemma-2-9b (I) 526 000 521 606 000 176 000 -1416 660 400 500 104 -1753 2333 (1000 000 1834 500 |-53.97
Llama-3.2-1b-it (I') 309 201 207 417 707 000 -1052 -377 -1239 219 600 200 208 -1650 167 -1.67 833 -1333 -10.00 [-65.08
Llama-3.2-1b (I) 206 -1.06 000 105 7.07 206 263 471 797 110 -7.00 000 208 -1340 1667 167  -500 000 -3.34 |-65.08
L1lama-3.2-3b-it(I") 309 105 103 313 606 103 175 -188 -10.62 LI0 600 100 208 -1031 1667 500 833 667 000 6191
L1lama-3.2-3b (T) 206 315 206 313 808 -1.03 088  -1.88 -1328 660 -500 3.00 833 928 1500 500 -1.67 2000 -3.34 |-63.50
Lucie-7b-it-human-data () 1443 737 000  -1.04 505 000 -175 283 -2390 330 900 100 417 2371 1167 833 333 [2334 500 [-6826
Lucie-7b-it (T) J1134 736 103 209 808 000  -087 283 -1505 770 000 500 104 -1546 2167 1000 -333 1667 166 -61.91
Lucie-7b (T) 4103 842 103 626 707 207 351 28 -1505 989 000 700 302 928 1500 833  -1.67 2167 -1.67 -4445
Meta-L1ama-3.1-7@b-it (I') 103 421 -104 521 505 310 351 -094 -1062 440 100 000 312 825 2000 1000 -667 1834 334 4286
Meta-L1ama-3.1-70b (T) 103 631 000 313 606 207 176 472 620 660 200 300 208 -1237 2167 1000 -833 1334 834 3492
Meta-L1ama-3.1-8b-it (I') 103 421 206 626 606 103 088  -1.88 266 660 -200 300 417 -1134 1500 833 333 1000 -5.00 5397
Meta-L1ama-3.1-8b (I') 000 421 309 521 505 000 176 -1.88 797 550 500 300 208 -1340 1000 1000 000 667 -1.67 [-52.38
Ministral-8b-it 505 210 206 626 404 300 176  -188 2301 440  -1.00 500 104 722 1667 833 333 (2000 833 [-5397
Mistral-7b-it 000 421 206 313 404 309 526 -094 -1328 440 400 300 417 -1959 1333 500 500 1834 000 [-57.15
Mistral-7b 412 105 103 313 404 000 263 660 -1151 440 300 200 208 -1650 1333 333 500 1167 334 5715
Mistral-nemo-it 505 315 412 834 606 300 088 000 2213 550 200 400 104 619 1500 833 500 1500 333 -47.62
Mistral-small-it 103 526 103 521 606 -103 351 000 -1505 550 000 500 417 -1237 1167 833 833 1667 333 4445
Mixtral-8x7b-it 103 526 104 730 606 300 614 000 -1505 660 000 600 104 -1237 1833 667 500 1334 000  -41.27
Mixtral-8x7b-it 000 631  -1.04 730 303 310 614 189 -1505 550 000 600 104 -1134 1667 667 -1000 1334 166  -39.69
Mixtral-8x7b 206 421 000 626 404 413 527 377 -1593 440 400 700 104 825 1333 833 667 1167 -167 -47.62
Mixtral-8x7b 103 421 103 730 505 310 614 000 -1593 660 -1.00 (700 208 -1031 1500 833 667 (1667 166 -38.10
Phi-3-mini-4k-it 206 315 206 626 404 -1.03 351 -094 1239 -110 200 400 208 -1650 1000 333 -1167 500 -334 -42.86
Ph mini-it 206 315 309 626 7.07 103 088 000 708 -L10 400 400 3.2 -I1856 1500 -1.67 -500 -10.00 -6.67 -47.62
Phi-4 (I') 206 842 206 626 505 516 439 094 974 879  -1.00 600 208 -619 833 667 -833 (1500 -500 -34.92
QuQ-32b (I') 103 736 206 730 303 516 351 28 -1062 770 400 500 625 -1031 1667 667 -1333 1500 -3.34 -38.10
412 316 000 521 606 -1.03 877 566 -1416 439  -7.00 200 104 2681 1333 -167 333 666 667 |-6032
412 527 <104 209 707 515 526 -660 1416 -110 600 200 -1.04 2887 2000 000 000 -1.66 -334 [61.91
206 316 206 521 808 103 -175 000 -I1L51 110 800 100 104 -1237 1333 000 333 667 -1.67 4445
103 211 103 730 707 413 351 000 -1328 000 400 100 104 -1031 1667 333 -333 834 333 5238
309 631 309 521 404 310 263 189 974 440 300 400 625 722 1000 500 833 1167 000 -46.03
309 736 412 626 404 310 263 095 -1151 770 500 400 417 825 1167 500 -1000 1334 166 -50.80

2.06 7.36 2.06 6.26 6.06 4.13 4.39 3.78 -13.28 8.79 -7.00 5.00 7.29 -8.25 15.00 6.67 -6.67 15.00 5.00 -36.51
3.09 8.42 2.06 6.26 5.05 5.16 527 1.89 -14.16 6.60 -3.00 5.00 6.25 -9.28 16.67 8.33 -8.33 16.67 548} -36.51
1.03 526 3.09 6.26 7.07 1.03 0.88 -2.83 -10.62 4.40 -3.00 2.00 2.08 -16.50 13.33 6.67 -8.33 15.00 -5.00 -39.69
1.03 5.26 3.09 6.26 7.07 1.03 0.88 -1.88 -9.74 5.50 -1.00 2.00 1.04 -16.50 16.67 10.00 =128 15.00 -3.34 -49.21
3.09 8.42 0.00 7.30 6.06 2.07 0.88 1.89 -12.39 5.50 -3.00 4.00 1.04 <122 16.67 833 -5.00 15.00 -6.67 -26.99
3.09 8.42 0.00 7.30 7.07 3.10 3.51 0.00 -16.82 8.79 0.00 6.00 3.12 -9.28 15.00 8.33 =128 16.67 1.66 -23.81
Qwen2.5-7b-it 4.13 8.42 0.00 6.26 6.06 4.13 1.76 -0.94 -13.28 5.50 -4.00 6.00 1.04 -9.28 13.33 5.00 -333 13.34 -3.34 -31.75

Qwen2.5-7b 4.13 7.36 0.00 7.30 7.07 4.13 2.63 -3.77 -12.39 5.50 -1.00 5.00 2.08 -8.25 18.33 6.67 =125 11.67 5.00 -41.27
Reka-flash-3(T") 3.09 7.36 -2.07 BiE 2.02 -1.03 -9.65 -2.83 -11.51 5.50 -3.00 5.00 6.25 -5.16 11.67 -3.33 -18.33 5.00 -5.00 -34.92
$1.1-32b (I') 3.09 8.42 2.06 6.26 5.05 4.13 351 2.83 =12:39 6.60 -7.00 5.00 7.29 -10.31 10.00 8.33 -10.00 18.34 1.66 -34.92
SmolLM2-1.7b-it -7.21 -10.53 -8.25 1.05 4.04 -11.34 1491 -1037  -1593 -9.89 -17.00 -1.00 -2.09 -21.65 6.67 -10.00  -15.00 -6.66 -5.00 -80.96
SmollM2-1.7b -1546 948 .13 1.05 7.07 -8.24 -11.40  -1037  -13.28 -6.59 -12.00 0.00 <129 -27.84 1333  -11.67 -16.67 -10.00 -1.67 -82.54
SmolLM2-135m-it -20.62 -2632 -11.34 -17.70 5.05 -4536 -13.16 -29.24 2301 -2527 -27.00 -22.00 -1875 -26.81 = -41.67 -3333  -11.66 -21.67 |-68.26
SmolLM2-135m -23.71 -22.11 -9.28 -11.45 4.04 -38.14  -10.52  -30.19 -2036 -23.07 -26.00 -15.00 -19.79 -40.21 16.67 -23.33  -25.00 -20.00 -8.34 -82.54
SmolLM2-360m-it -1546  -17.90  -825 -11.45 5.05 -23.71  -17.54  -2830 -1859 -2747 -20.00 -13.00 -9.38 -19.59 1333 -30.00 -26.67 -21.66 -16.67 |[-76.19
SmolLM2-360m -1649  -17.90  -9.28 -6.24 6.06 -21.65 -11.40 -2830 -19.47 -20.88 -22.00 -8.00 -1042 2371 13.33  -25.00 -16.67 -18.33 -10.00 [-74.61
XLM-roBERTa-base -3505 -23.16 4846 -32.29 |-62.63 -39.17 -31.58 -37.73 -28.32 -30.77 -23.00 -32.00 -25.00 |-62.89 -31.67 [-63.33| |-70.00| -13.33 -50.00 -33.34
XLM-roBERTa-large -26.80  -8.42 -15.47 -624 2323 2062 -17.54 -20.75 -16.82 -18.68 -12.00 -1.00 -11.46  -40.21 1.67 -1.67 -21.67 -5.00  -20.00 -28.57

Table 12: The complete results average accuracy scores (%) (higher is better) of the 77 LLMs against our human
baseline as a differential, by linguistic phenomena (“LP”). “Y” are model that have a specialization in French, while
I" are model marketed as reasoning LLM. Linguistic phenomena (header) are presented in Table 3.
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