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Abstract
Despite recent advances in large language models (LLMs), their syntactic competence remains insufficiently
characterized, especially for languages other than English. While benchmarks such as BLiMP and SyntaxGym
have enabled systematic syntactic evaluation in English and Spanish, no comparable resource exists for French.
To address this gap, we present SyntaxGymFR, a manually curated evaluation suite for evaluating the syntactic
abilities of French and multilingual LLMs. SyntaxGymFR consists of manually validated minimal sentence pairs
targeting key syntactic phenomena in French. We describe the annotation methodology, the selection of linguistic
constructions, and the validation procedures used to ensure the coverage of syntactic phenomena. Furthermore,
we report experimental results obtained with several French and multilingual LLMs, analyzing their sensitivity to
grammatical contrasts and cross-linguistic transfer effects. Our results provide new insights into the syntactic
generalization capabilities of French LLMs and establish SyntaxGymFR as a benchmark for future research on
language-specific evaluation of syntactic competence.

Keywords: Syntactic evaluation, French, Large Language Models, SyntaxGym, corpus annotation, bench-
marking

1. Introduction

Performance of Large Language Models (LLMs)
on syntactic benchmarks has shown substantial
differences in their grammatical competence (Mar-
vin and Linzen, 2018; Hu et al., 2020; Wilcox et al.,
2018; Sinha et al., 2022; Leong and Linzen, 2023;
Arora et al., 2024). In particular, syntactic gen-
eralization, i.e. the ability to handle hierarchical
dependencies, agreement, or structure-sensitive
syntactic phenomena, is a core aspect of linguistic
knowledge, and a key indicator of whether models
capture more than surface-level token statistics.
Evaluating the grammar competence is therefore
essential both for understanding model behavior
and for ensuring their reliability in real world appli-
cations where syntactic precision might potentially
affect meaning and the quality of downstream ap-
plications.

While a number of targeted evaluation bench-
marks have been developed for English, such as
CoLA (Warstadt et al., 2019), BLiMP (Warstadt
et al., 2020), and SyntaxGym (Gauthier et al.,
2020), there is only a limited amount of syntactic
evaluation resources for French. Existing French
datasets mostly target acceptability judgments like
QFrCola (Beauchemin and Khoury, 2025) or cover
limited subject-verb agreement phenomena such
as QFrBliMP (Beauchemin et al., 2025) and the
French portion of MultiBliMP (Jumelet et al., 2025).
These resources also do not provide the kind of
psycholinguistically motivated experiments that en-

able systematic probing of syntactic competence
on a broader range of linguistic phenomena. This
lack of targeted syntactic benchmark corpora con-
taining a broad variety of linguistic phenomena be-
yond simple agreement hinders our understanding
whether existing French-aware LLMs have learned
the syntactic regularities of the French grammar,
such as long distance dependencies, licensing, or
subordination, beyond their exposure to surface
token distributions during training.

In this paper, we address this gap by introduc-
ing SyntaxGymFR1, a new benchmark for targeted
syntactic evaluation of French language models.
SyntaxGymFR extends the experimental paradigm
of the original SyntaxGym framework to the French
language, offering a collection of controlled test
suites that target specific syntactic phenomena.
Following the terminology of the original frame-
work, SyntaxGymFR is organized into five evalua-
tion circuits (i.e. agreement, gross syntactic state,
licensing, long-distance dependencies, and center
embedding) each comprising multiple test suites.
Each test suite contains minimal sentence pairs
with a clearly defined region of interest, for which
the model’s surprisal is computed. This design
enables a fine-grained analysis of how models en-
code syntactic expectations. SyntaxGymFR is de-
signed for French, ensuring that each construction
reflects authentic syntax and usage. Our contribu-
tions are the following:

1https://github.com/TaniaBladier/SyntaxGymFR

https://github.com/TaniaBladier/SyntaxGymFR
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Condition intro subj rel_pron np_obj verb1 verb2 continuation
gramm. Le soldat que le messager suit court .

ungramm. Le soldat que le messager court suit .

Surpisal evaluation: (gramm.verb1 + gramm.verb2) < (ungramm.verb1 + ungramm.verb2)

Table 1: Example from the Center Embedding circuit in SyntaxGymFR. The two critical regions, verb1
and verb2, marked in green, indicate the embedded verbs whose order determines sentence plausibility.
The evaluation formula shows that the model’s surprisal for the sum of these regions is expected to
be lower for grammatical than for ungrammatical sentences. We sum the surprisal of both verbs to
capture the full surprisal cost of the construction, following the standard evaluation format established in
SyntaxGym as proposed by Gauthier et al. (2020).

• Resource: We introduce SyntaxGymFR, the
first targeted psycholinguistically motivated
syntactic evaluation benchmark for French,
comprising a diverse set of phenomena includ-
ing agreement, long distance dependencies,
control, subordination, and polarity. Each sen-
tence is annotated with POS tags, lemmas,
morphological features, and syntactic labels
in the CoNLL format following the Universal
Dependencies (Nivre et al., 2016) guidelines.

• Evaluation: We present a comparative eval-
uation of several French and multilingual
LLMs, ranging from autoregressive models
to masked architectures. These experiments
underline differences in how models recog-
nize syntactic dependencies in French and
demonstrate the value of SyntaxGymFR as
a diagnostic tool for model comparison in a
transparent and reproducible way.

2. Related Work

Evaluating the syntactic competence of large lan-
guage models has become an important question
in recent years, leading to a range of targeted eval-
uation frameworks. SyntaxGymFR continues this
line of research but goes beyond previous work by
providing a French-native, linguistically controlled,
and reproducible test suite specifically designed
to probe syntactic knowledge in French language
models. In contrast to earlier benchmarks, most
of which were developed for English or adapted
automatically to other languages, SyntaxGymFR is
hand-crafted by linguists to capture constructions
genuinely characteristic of French syntax.

The SyntaxGym platform (Gauthier et al., 2020)
introduced the paradigm of targeted syntactic eval-
uation for English. It formalizes psycholinguistic
test suites, allowing to assess whether models
show human-like expectations in controlled syn-
tactic contexts. However, SyntaxGym is English-
centric: its templates and linguistic contrasts are
grounded in English syntax and do not generalize
naturally to other languages. SyntaxGymFR builds
directly on this framework but extends it to French

grammar, implementing several new templates that
reflect French-specific phenomena such as clitic
placement, gender and number agreement, sub-
junctive mood alternations, and relativization pat-
terns, none of which are covered in the original
SyntaxGym.

Similar to SyntaxGym, the BLiMP (Warstadt
et al., 2020) benchmark evaluate syntactic and
morphological competence using sub-datasets of
automatically generated minimal pairs. It has be-
come a standard for probing grammatical knowl-
edge in English LMs. Yet, its methodology, auto-
matic generation from English grammatical rules,
makes it unsuitable for French, whose inflec-
tional morphology and word order constraints dif-
fer substantially. While BLiMP tests whether a
model prefers grammatical over ungrammatical
sentences, it does not model the incremental pro-
cessing structure central to SyntaxGym and Syn-
taxGymFR. The latter, by contrast, evaluates sur-
prisal differences over regions of interest within
sentences, thus connecting syntactic evaluation
with psycholinguistic modeling.

To our best knowledge, there is no resource com-
parable to SyntaxGym in French. However, there
exists an extension of the SyntaxGym resource
to Spanish, called SyntaxGymES (Pérez-Mayos
et al., 2021). SyntaxGymES demonstrated that
the methodology can be transferred to another Ro-
mance language, but its coverage remains only to
Spanish. SyntaxGymFR is based on both English
and Spanish resources, and contains adapted test
suites to be informative for French syntax. Recent
work has also introduced acceptability and gram-
maticality benchmarks for French, which differ in
focus and methodology from SyntaxGymFR.

QFrCoLA (Beauchemin and Khoury, 2025)
presents a large acceptability corpus for Québec
French, modeled after the English CoLA (Warstadt
et al., 2019). It evaluates whether models can
classify sentences as acceptable or unacceptable,
covering a broad range of grammatical and un-
grammatical constructions. However, QFrCoLA
is not designed to isolate specific syntactic phe-
nomena: its evaluation is global, not targeted. By
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contrast, SyntaxGymFR focuses on explicitly con-
trolled syntactic manipulations, each test isolates
a single constructional contrast, allowing for direct
linguistic interpretation of model behavior.

Finally, the French portion of MultiBLiMP
(Jumelet et al., 2025) and the Quebec-French QFr-
BliMP (Beauchemin et al., 2025) both extend the
BLiMP framework to French, using automatic gen-
eration based on Universal Dependencies and Uni-
Morph. While this large-scale approach ensures
broad multilingual coverage, it often produces un-
natural or unidiomatic examples and lacks manual
validation by native speakers. As a result, the
French subset provides a coarse evaluation of
grammaticality but not a linguistically precise or
psycholinguistically motivated one. SyntaxGymFR
differs by offering manually validated test suites for
French that reflect psycholinguistic experiments.

3. SyntaxGymFR

This section describes a selection of Syntax-
GymFR test suites that we developed for French.
They were constructed both from adapting the orig-
inal English SyntaxGym (Wilcox et al., 2019) and
some Spanish SyntaxGymES (Pérez-Mayos et al.,
2021) test suites. Each circuit in SyntaxGymFR
consists of a series of test suites that vary in a
controlled way across CONDITIONS defined by the
experimental design. For each test suite in each
circuit, PREDICTIONS specify how surprisal values
should differ across conditions at specific sentence
regions. For example, Table 1 shows an item from
the Center Embedding circuit in SyntaxGymFR,
contrasting a grammatical and an ungrammatical
sentence that differ only in the order of the two
embedded verbs (represented in columns verb1
and verb2).

The surprisal-based evaluation tests whether
the model assigns lower surprisal to the grammati-
cal configuration. In some cases, additional modi-
fiers increase the distance between two co-varying
elements, making the task more demanding. The
test suites are grouped into circuits that correspond
to related syntactic phenomena. Table 2 shows the
comparison of SyntaxGym-resources for English
(EN), Spanish (ES), and French (FR).

Each subsection below describes one such cir-
cuit. Notation: an asterisk (*) marks an ungram-
matical sentence, and a question mark (?) marks
a sentence that is more difficult to process.

3.1. Annotation

Our annotation process combined automated as-
sistance with extensive expert revision to ensure
linguistic precision. Grammatical and ungrammati-
cal conditions were initially generated through tar-

Agr GP CE GSS Lcs LDD Total

EN 3 6 2 4 10 8 33
ES 7 2 2 3 4 3 21
FR 7 – 2 4 4 6 23

Table 2: Number of test suites in the different cir-
cuits across the English (EN), Spanish (ES), and
French (FR) SyntaxGym-based corpora. Abbre-
viations: Agr = Agreement, GP = Garden-Path,
CE = Center Embedding, GSS = Gross Syntactic
State, Lcs = Licensing, LDD = Long-Distance De-
pendencies.

geted ChatGPT prompts2 designed to produce
SyntaxGym-style items differing only in the rele-
vant syntactic property (e.g., agreement, extrac-
tion, LDD, etc.). However, these automatically gen-
erated materials served only as a starting point:
all items were substantially rewritten, restructured,
and carefully adjusted by trained linguists. In many
cases, lexical choices, inflectional forms, or word
order, were manually modified to guarantee mini-
mal contrasts and produce correct sentences. Cru-
cially, SyntaxGym items must follow a highly con-
strained structural scheme to ensure the correct
evaluation of the target region. Each item was
therefore manually inspected and adapted so that
(i) the grammatical and ungrammatical conditions
differed exclusively in the intended syntactic manip-
ulation, (ii) the critical region was properly isolated,
and (iii) non-targeted regions were controlled in ac-
cordance with the SyntaxGym evaluation protocol.

The vocabulary of the SyntaxGymFR items was
restricted to 19th-century literary French, based on
a corpus comprising five major authors of the pe-
riod3. All items were manually validated by trained
linguists to verify grammaticality judgments, lexi-
cal consistency, and the intended syntactic con-
trast. In addition, we enriched the final dataset with
dependency parses produced by the state-of-the-
art UD_FRENCH-SEQUOIA-FLAUBERT model of the

2Given that all items were extensively revised and
validated through discussion among the annotators, we
did not compute inter-annotator agreement. Potential
disagreements were resolved during the annotation pro-
cess itself. For transparency and reproducibility, we
provide the prompt templates used for initial item gener-
ation in Appendix A.

3This variety of French was selected because it pro-
vides a rich vocabulary and a broad spectrum of in-
flectional forms. The data used in the experiments
presented in this paper is released as a frozen ver-
sion 1.0 on our GitHub repository https://github.com/
TaniaBladier/SyntaxGymFR. Similarly to the original
SyntaxGym, the French SyntaxGymFR is intended to
grow as a living resource, and we encourage linguists
to contribute by designing new test suites, which we will
review and publish.

https://github.com/TaniaBladier/SyntaxGymFR
https://github.com/TaniaBladier/SyntaxGymFR
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French-based parser HOPS4 (Grobol and Crabbé),
providing an additional syntactic layer for quality
control and subsequent analytical tasks.

3.2. SyntaxGymFR Phenomena

3.2.1. Center Embedding

A center-embedded clause is a clause that is in-
serted within a main clause, creating nested de-
pendencies that are challenging for models. This
circuit contains two test suites:

• Center Embedding

• Center Embedding with Modifier

The test suites, adapted from English, introduce
an object relative clause immediately after the
subject of the main clause. In such a situation,
the verbs of the main and the relative clauses ap-
pear one after another at the end of the sentence.
The verb of the relative clause must be transitive
since the relative clause is an object clause while
the verb of the main clause must be intransitive.
Switching the two verbs create an ungrammatical
situation and we expect the model to give a lower
perplexity to the grammatical case.

An example from the test suite Center Embed-
ding with Modifier is shown below.

(1) Le soldat que le messager que mon frère
connaît suit court.
‘The soldier whom the messenger whom
my brother know follows runs’
* Le soldat que le messager que mon frère
connaît court suit.
‘The soldier whom the messenger whom
my brother know runs follows’

3.2.2. Long-Distance Dependencies (LDDs)

Long-distance dependencies arise when two syn-
tactically related constituents are separated by in-
tervening material. This circuit includes the follow-
ing six test suites:

• Filler-Gap Hierarchy

• Filler-Gap Object

• Filler-Gap Subject

• Filler-Gap 2 Sentence embeddings

• Cleft Constructions

• Cleft Constructions with Embedded Modifier

4All dependency annotations generated by HOPS
were systematically reviewed and manually corrected
by trained linguists. For reference, the UD_FRENCH-
SEQUOIA-FLAUBERT model reports an UAS of 99.31 and
a LAS of 94.78 on the gold UD French-Sequoia test set.

An example from the test suite filler–gap 2 sen-
tence embeddings is shown below.

(2) Je sais ce que notre intendante a affirmé
que ton cousin avait dissimulé dans le gre-
nier .
’I know what our housekeeper said that
your cousin has concealed in the attic. ’
* Je sais que notre intendante a affirmé que
ton cousin avait dissimulé dans le grenier.
’I know our housekeeper said that your
cousin has concealed in the attic. ’

In the first sentence, the object of the verb avait
dissimulé is separated from it governor by a declar-
ative clause notre intendante a affirmé que, caus-
ing a long distance dependency. In the second
sentence, the object of the transitive verb is not
present, causing the ungrammaticality of the sen-
tence. This pair allows to check whether the model
captures the long distance object dependency or
not.

3.2.3. Garden-Path Effects

Garden-path effects occur when a sentence is ini-
tially parsed in a plausible but incorrect way and
must later be reanalyzed. The English version of
SyntaxGym includes examples of such sentences.
But garden path sentences are often unnatural in
French and we decided to ignore this circuit.

3.2.4. Licensing

Licencing is a lexico-syntactic phenomenon where
the presence of a given word in a sentence con-
strains the nature of another word of the sentence.
This constraint could be lexical or morphological.
This circuit includes four test suites:

• Licensing Subjunctive with Wish Verbs

• Licensing Negative Polarity Items.

• Licensing Subjunctive Mood, Negation and
Belief Verbs.

• Licensing Subjunctive Mood, Negation and
Belief Verbs with an Embedded Modifier .

In the following example, from the suite Licens-
ing Subjunctive with Wish Verbs, the verb veux
(want) licences the subjunctive mood of the verb
of its object subordinate clause. When the verb
of the subordinate clause partes (leave.SBJ) is in
indicative mood, the sentence is ungrammatical.

(3) Je veux que tu partes demain.
I want you to leave.SBJ tomorrow
* Je veux que tu pars demain.
I want you to leave.IND tomorrow
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3.2.5. Agreement

Agreement is a morpho-syntactic relation where
the features of one element constrain the form of
another. The agreement circuit had to be modi-
fied compared to English, since agreement phe-
nomena in French differ substantially. This circuit
contains the seven following test suites:

• Agreement Subject–Verb in Number

• Agreement Subject–Verb in Person

• Agreement Subject–Participle in Number

• Agreement Subject–Participle in Gender

• Agreement Subject–Verb in Number with Em-
bedded Subject Relative Clause

• Agreement Subject–Verb in Number with Em-
bedded Object Relative Clause

• Agreement Adjective-Noun.

In the following example, taken from the suite
Agreement Subject–Verb in Number with Embed-
ded Subject Relative Clause, the verb of the main
clause parla (talked) agrees in number with the sin-
gular subject la femme (the woman). The object of
the relative clause les gendarmes (the constables)
is plural and precedes directly the verb of the main
clause, acting as a distractor.

(4) La femme qui a aidé les gendarmes parla.
The women who helped the constables
talked.SING.
* La femme qui a aidé les gendarmes
parlèrent.
The women who helped the constables
talked.PLUR.

3.2.6. Gross Syntactic State (GSS)

This circuit concerns complex sentences formed by
an adjunct subordinate clause and a main clause.
In such structures, the subordinate clause is in-
troduced by a subordinating conjunction. The ab-
sence of this element causes ungrammaticality. Its
presence when the main clause is absent, causes
also ungrammaticality. This circuit is made of the
following four test suites:

• Simple Subordination

• Subordination with Object Relative Clause

• Subordination with Subject Relative Clause

• Subordination with a Prepositional Phrase

The last three test suites are modified versions
of the basic subordination test, in which a relative
clause serves as the object or subject modifier of
the subject of the main clause.

The following example is taken from the suite
Simple Subordination. In the first sentence, the
subordinating conjunction comme (as) is present
and the main clause is absent. In the second one,
the main clause is present and the sentence is
grammatical.

(5) * Comme le médecin étudiait le manuscrit.
‘* As the doctor was studying the
manuscript.’
Comme le médecin étudiait le manuscrit,
le chirurgien entra dans la pièce.
‘As the doctor was studying the manuscript,
the surgeon entered the room.’

In contrast to the previous example (5), example
(6) presents two grammatical sentences. However,
the version where the two clauses are connected
by a conjunction is expected to yield lower surprisal
than the juxtaposed version (marked with a ?),
reflecting the model’s sensitivity to explicit clause
linking.

(6) ? Le médecin étudiait le manuscrit, le
chirurgien entra dans la pièce.
‘? The doctor was studying the manuscript,
the surgeon entered the room.’
Comme le médecin étudiait le manuscrit,
le chirurgien entra dans la pièce.
‘As the doctor was studying the manuscript,
the surgeon entered the room.’

4. Experiments

4.1. Experimental Setup

We evaluate the syntactic abilities of a range
of French and multilingual language models
using surprisal-based accuracy on grammati-
cal/ungrammatical minimal pairs. Surprisal values
are computed for critical regions in a sentence,
allowing us to measure the sensitivity of models
to syntactic violations. For each critical region in
question we compute the sum of the surprisals of
every subword in this regions, as is standard prac-
tice in previous works using SyntaxGym. Accuracy
is assessed on minimal sentence pairs within the
SyntaxGymFR items that differ only in grammati-
cality, providing a straightforward evaluation of the
syntactic knowledge of models on specific syntac-
tic phenomena.

We selected the language model to test based
on two dimensions that we considered important.
The first one is the language of the training data,
we selected models that were either trained ex-
clusively on French data and models that were
multilingual, in order to evaluate whether models
that were trained on French data perform better
than multilingual models. The second dimension
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is directionality of the model, we wanted to com-
pare autoregressive and masked language model.
The idea is to test whether the access to the right
context when predicting a word (as it is the case
in masked language model) yields better results.
These two dimensions define four families of mod-
els: French autoregressive, Multilingual au-
toregressive, French masked and Multilingual
masked: (see Table 3 for the results):

• French-native autoregressive LMs: gpt2-
base-french (ClassCat, 2023), gpt2-finetuned-
oscar-fr (Yong, 2023), fr-boris (Müller and
Laurent, 2022), gpt-fr-cased-small (Simoulin
and Crabbé, 2021), Claire-7B-0.1 (Louradour
et al., 2024), Pagnol-XL (Launay et al., 2022).

• French masked LMs: flaubert_large_cased
(Le et al., 2020), camembert-base (Martin
et al., 2020), distilcamembert-base (Delestre
and Amar, 2022).

• Multilingual autoregressive LMs: Mistral-
7B-v0.1 (Jiang et al., 2023), xglm-4.5B (Lin
et al., 2021), Llama-3.1-8B (Meta, 2024),
CroissantLLMBase (Faysse et al., 2024),
bloom-560m (BigScience, 2022).

• Multilingual masked LMs: mdeberta-v3-
base (He et al., 2021a,b), xlm-roberta-base
(Conneau et al., 2019), swissbert (Vamvas
et al., 2023).

Our evaluation focuses on region-level analy-
ses, in particular the critical region, i.e., the token
or span where grammatical contrasts occur. Met-
rics are reported both at the critical-region level
and as a mean across all regions, allowing for a
finer-grained assessment of model behavior. We
aggregate the results per phenomenon to obtain
overall performance scores for each syntactic con-
struction. For autoregressive models, probabilities
of the critical regions are naturally computed in a
left-to-right generative fashion. For bidirectional
masked models, we sequentially feed tokens with
masking to compute probabilities given the preced-
ing context, following Pérez-Mayos et al. (2021)
and Wang and Cho (2019).

4.2. Results and Discussion

The results in Table 3 show clear differences be-
tween model families in their syntactic compe-
tence as evaluated on the five circuits of Syntax-
GymFR. Among the French autoregressive mod-
els, Pagnol-xl achieved the highest overall accu-
racy (86.10%), consistently outperforming other
models across nearly all circuits, particularly in
agreement (76.25%), center embedding (91.07%),
and gross syntactic state (95.83%). The Claire-7B-
0.1 model reached a mean accuracy of 58.41%,
with comparatively lower performance on gross
syntactic state (38.02%). Interestingly, some of the

multilingual models like bloom-560m, Llama-3.1-
8B or Mistral-7B-v0.1, reached a mean accuracy
of around 80%, demonstrating that multilingual
models can attain strong syntactic sensitivity when
trained with balanced cross-lingual data, though
they remain below Pagnol-XL.

Masked language models displayed a more het-
erogeneous profile. Among French-native masked
models, camembert-base reached the highest
mean score (64.23%), driven by strong perfor-
mance on agreement and licensing circuits, though
accuracy dropped on other circuits. The multilin-
gual xlm-roberta-base model achieved the best
overall performance within its category (64.2%),
with particularly high scores on agreement and
gross syntactic state phenomena, outperforming
several monolingual baselines. However, multi-
lingual masked models overall fall behind French
masked models (57.29% vs. 62.17%), indicating
that while cross-lingual pretraining may improve ro-
bustness on certain syntactic phenomena, it does
not consistently enhance syntactic precision for
French. In sum, these results show both the ben-
efits of language-specific pretraining on the one
hand and the persistent variability of syntactic sen-
sitivity across architectures and training paradigms
on the other hand. It is important to note, however,
that it is difficult to draw strong conclusions about
potential advantages of causal versus masked
architectures, or of monolingual versus multilin-
gual pretraining, because each model differs in
key parameters that strongly affect performance:
the number of model parameters, the size and
composition of the training dataset, and the com-
putational budget used for training, effects collec-
tively described by the scaling laws in Kaplan et al.
(2020). These differences make it challenging to
attribute syntactic performance to architecture or
linguistic specialization alone. It is also interesting
to study whether the different models and family of
models struggle on the same circuits. In order to
perform such an analysis, we have reproduced the
structure of Table 3 in Table 4 and have replaced
the accuracies figures by a rank between 1 and 5.
Rank 1 in the cell corresponding to model M and
circuit C indicates that circuit C got the best perfor-
mances for model M over the five different circuit.
For example, Licensing (Lcs) got the best perfor-
mances for GPT2-base-french, Center Embedding
(CE) the second best and so on.

Some family of models, such as French autore-
gressive show very coherent results: almost all
the models of this family rank the five circuits in
the same order. It is interesting to note that, on
average, for all models except French causal ones,
the hardest circuit is long distance dependencies.
The fact that long distance dependencies are hard
to process does not come as a surprise since the
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Models Agr CE GSS LDD Lcs Avg.
(per model)

Causal Models (French)

gpt2-base-french 54.52 75.00 68.23 65.11 82.29 70.01
gpt2-finetuned-oscar-fr 38.07 58.93 40.63 80.73 44.79 45.60
fr-boris 74.52 62.50 36.46 60.42 65.63 59.77
gpt-fr-cased-small 65.72 55.36 46.88 88.02 57.29 56.31
Claire-7B-0.1 71.98 64.29 38.02 56.77 59.38 58.41
Pagnol-xl 76.25 91.07 95.83 80.73 81.25 86.10

Mean 63.51 67.86 54.34 71.96 65.10 62.70

Causal Models (Multilingual)

xglm-4.5B 68.57 60.72 79.69 56.77 73.66 70.66
bloom-560m 76.35 69.65 99.48 69.79 75.00 80.12
Llama-3.1-8B 73.47 87.95 93.23 84.38 68.75 80.85
Mistral-7B-v0.1 72.53 76.79 96.36 67.71 78.13 80.95

Mean 72.73 73.77 92.19 69.66 73.88 78.14

Masked Models (French)

camembert-base 78.29 50.00 57.81 52.61 70.83 64.23
flaubert_large_cased 77.80 62.50 48.44 55.21 63.54 58.07
distilcamembert-base 78.47 51.79 64.07 66.15 62.50 64.21

Mean 71.52 54.76 56.77 57.99 65.62 62.17

Masked Models (Multilingual)

xlm-roberta-base 67.38 44.65 82.29 40.11 62.50 64.20
swissbert 65.34 48.22 55.73 51.56 53.13 55.60
mdeberta-v3-base 49.72 55.36 43.75 51.04 59.38 52.05

Mean 60.82 49.41 60.59 47.57 58.33 57.29

Table 3: Performance metrics for different models. The table reports the mean accuracy across all test
suites within each circuit. The upper half presents results for autoregressive models (French monolingual
in orange and multilingual in blue), while the lower half presents masked models (French monolingual
in grey and multilingual in green). Note that evaluation procedures differ slightly: for autoregressive
models, probabilities of the critical regions are computed in a left-to-right generative manner, whereas for
bidirectional masked models, they are obtained by sequentially masking tokens and conditioning on the
preceding context. Abbreviations: Agr = Agreement, CE = Center Embedding, GSS = Gross Syntactic
State, Lcs = Licensing, LDD = Long-Distance Dependencies.

two words between which the dependency oper-
ates are separated by a lot of linguistic material in
the string, which might contain strong distractors.
Other phenomena, such as agreement between
a noun and an adjective that modifies it concern
words that are directly following each other in the
string and the models, on average, perform well
on this test suite (60.82% on average across all
models). It is tempting to interpret all results on the
light of this criterion: the linear distance between
the words on which a linguistic phenomenon ap-
plies. From this point of view, the complexity of the
syntactic structure does not play a major role com-
pared to the linear distance between the words
implied in a specific linguistic structure. The circuit

center embedding seems to offer a counter exam-
ple. Center embedding involves words that are
distant from one another and is known to be a diffi-
cult phenomenon to process for humans (Miller
and Isard, 1964). But the models tested here
reach (on average) good performances on this
phenomenon5. Although the distance between the
two words involved in the phenomenon (the verb
of the relative clause and the relative pronoun) is
high, the phenomenon also has an effect on the
order of the two verbs that appear at the end of the
sentence (as for example verbs ‘suit’ (follows) and
‘court’ (runs) in the example of subsection 3.2.1).
Our hypothesis is that the language model cap-

5This is mainly true for the autoregressive models.
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Models Agr CE GSS LDD Lcs

Causal Models (French)

gpt2-base-french 5 2 3 4 1
gpt2-finetuned-oscar-fr 5 3 4 1 2
fr-boris 1 3 5 4 2
gpt-fr-cased-small 2 4 5 1 3
Claire-7B-0.1 1 2 5 4 3
Pagnol-xl 4 2 1 5 3

Rank of the mean (French autoregressive) 4 2 5 1 3

Causal Models (Multilingual)

xglm-4.5B 3 4 1 5 2
bloom-560m 2 5 1 4 3
Llama-3.1-8B 3 2 1 4 5
Mistral-7B-v0.1 4 3 1 5 2

Rank of the mean (Multiling. autoregressive) 3 2 1 5 4

Masked Models (French)

camembert-base 1 5 3 4 2
flaubert_large_cased 1 3 5 4 2
distilcamembert-base 1 5 3 2 4

Rank of the mean (French masked) 1 5 4 3 2

Masked Models (Multilingual)

xlm-roberta-base 2 5 1 4 3
swissbert 2 4 1 5 3
mdeberta-v3-base 4 2 5 3 1

Rank of the mean (Multiling. masked) 1 4 2 5 3

Rank of the mean (all models) 2 4 1 5 3

Table 4: Rank of the different circuits (rank 1 is the circuit for which performances are the best) for each
model. Rank of the average performances are indicated for family of models and across all models (last
line).

tures the fact that the sequence of the two verbs
suit court (follows runs) is more probable than the
sequence court suit (runs follows) at the end of
a sentence and this symptom helps the model
discriminate between the grammatical and the un-
grammatical sentence. It is as if the model was
using a “cheap trick” to pass the test. More experi-
ments are needed to confirm or disprove such an
hypothesis.

5. Conclusion and Future Work

In this work, we introduced SyntaxGymFR, a man-
ually curated benchmark for the targeted evalua-
tion of French language models. Our contribution
spans three key aspects: the creation of a syntac-
tically rich resource covering phenomena such as
agreement, long-distance dependencies, control,
subordination, and licensing; a systematic annota-
tion methodology ensuring psycholinguistically mo-

tivated minimal pairs; and benchmark results high-
lighting differences in grammatical competence
across French-native and multilingual LLMs. By
evaluating models at the region level and aggregat-
ing performance metrics per phenomenon, Syntax-
GymFR provides a fine-grained analysis of syntac-
tic expectations and surprisal patterns.

Looking forward, we plan to extend Syntax-
GymFR to additional French-specific phenomena,
including idiomatic expressions, word-order alter-
nations, and constructions involving discourse-
sensitive dependencies. We aim to release the re-
source as an open-source benchmark to facilitate
comparative studies of French language models.
These efforts make SyntaxGymFR a psycholin-
guistically grounded and interpretable way to eval-
uate the syntactic abilities of French-aware LLMs,
making it useful for both linguistic research and
practical NLP applications.
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Appendix A. LLM-Assisted Item
Generation

Initial item drafts were generated using structured
prompts designed to create SyntaxGym-style mini-
mal pairs targeting specific syntactic phenomena
(e.g., filler-gap dependencies, agreement, long-
distance dependencies).

Prompt: Hierarchical Filler-Gap Depen-
dency Generation

Instruction. Generate 20 items in
SyntaxGym-style in French illustrating hier-
archical filler-gap dependencies. Each sen-
tence pair in item must contain one gram-
matical and one ungrammatical sentence.

Constraints:

1. Strict minimal-pair design (sentences
identical except for the syntactic ma-
nipulation).

2. Exclusive use of 19th-century literary
French vocabulary.

3. Identical lexical material across condi-
tions except for the targeted syntactic
contrast region.

4. Clear isolation of the critical region
following the SyntaxGym evaluation
scheme.

Structural template (illustrative English
example).

* The fact that my brother said who his
friend trusted our uncle at the party
surprised my daughter yesterday after-
noon.

• The fact that my brother said that his
friend trusted our uncle at the party
surprised my daughter yesterday after-
noon.

• The fact that my brother said who his
friend trusted at the party surprised my
daughter yesterday afternoon.

* The fact that my brother said that his
friend trusted at the party surprised my
daughter yesterday afternoon.

The prompts explicitly specified the number
of items, the target construction, the strict mini-
mal pair format, and the lexical constraint that all
sentences must use 19th-century literary French
vocabulary drawn from our selected corpus of

five major authors (Alexandre Dumas, Gustave
Flaubert, Victor Hugo, Marcel Proust, Émile Zola)
of that period. Generated outputs served only as
preliminary drafts and were systematically rewrit-
ten, structurally adjusted, and linguistically vali-
dated by trained experts prior to inclusion in the
dataset. Here we provide an example of a prompt
used to generate hierarchical filler-gap depen-
dency items in French. All generated French ma-
terials were subsequently reviewed, substantially
rewritten where necessary, and brought into full
compliance with the structural constraints required
for controlled SyntaxGym evaluation.
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