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Abstract
Current evaluation practices in speech processing systems often overlook the diversity of spoken accents, leading to
significant performance disparities across speaker groups. This issue largely comes from biases and imbalances in
training corpora, and is further compounded by the scarcity of open-source datasets suitable for evaluating accent
variability in French. To address this gap, we extend the CFPR dataset with explicit accent labels, providing a
new benchmark for assessing the robustness of speech technology systems across diverse French accents. We
additionally conduct a perceptual study with 87 human participants to evaluate the reliability and interpretability of
these labels. Using this resource, we evaluated an eight-class French accent classifier trained on Common Voice
data. The first results highlight both the complexity of automatic French accent recognition in low-resource settings,
and the difficulty for French-speakers to perceive all the linguistic variabilities in French-speaking countries.
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1. Introduction

The recent success in speech processing systems
is largely due to the development of novel modeling
techniques and the availability of extensive training
data. Despite these advancements, a significant
limitation persists in current evaluation practices:
they often fail to adequately account for speech
diversity . This diversity manifests across several
dimensions, including gender (partially reflected
in speaker fundamental frequency), speech reg-
ister (tied to vocabulary choice), and accent (in-
volving distinct acoustic features). Consequently,
speech technology systems exhibit substantial per-
formance disparities across speaker groups (Aman
et al., 2013; Chang et al., 2024; Herron et al., 2025).
For example, performance in Automatic Speech
Recognition (ASR) drops for under-represented di-
alects, such as African American Vernacular En-
glish (AAVE), indicating that even Self-Supervised
Learning (SSL) pre-training on large datasets does
not fully mitigate these differences (Chang et al.,
2024). These shortcomings are largely attributed to
biases in the ASR training corpora. The scarcity of
open-source datasets suitable for evaluating these
diverse characteristics, particularly in non-English
languages like French, exacerbates this problem,
highlighting the need for new evaluation resources.

In this paper, we introduce the extension of the
Corpus du Français Parlé de nos Régions (CFPR)
corpus (Avanzi et al., 2019) with accent labels for
the evaluation of speech technology systems on di-
verse French accents. The study also introduces a
perception test involving 87 human participants de-
signed to understand how these labels can be the

most robustly acquired. This dataset was subse-
quently used to evaluate a French accent classifier
that was trained on Common Voice.

French is spoken by over 320 million people
across five continents, naturally resulting in a wide
array of accents (e.g., regions of France, North
Africa, Quebec). However, this accent diversity
is underrepresented in current models since Self-
Supervised Learning (SSL) models of French are
typically (pre-)trained with less than 1% of non-
standard French accent data (Parcollet et al., 2024).

In sociolinguistics, an accent can be defined as
a set of pronunciation features that affect vowels,
consonants, or prosody, and that make it possi-
ble to identify the profile of the person who uses
them (Candea, 2021). An accent can be associ-
ated with a region, an age category, or a social
group. In this paper, we will choose to focus on
accent variability across regions.

A primary challenge in gathering accented data
stems from the fact that existing datasets are often
constructed with different target objectives, which
leads to disparate categorization and labeling meth-
ods. For instance, Fair-Speech (Veliche et al.,
2024) considers broad categories like L1 (native)
versus L2 (non-native), and Sonos (Sekkat et al.,
2024) uses home country instead of fine-grained
accent labels. The labeling methods are also highly
varied, with Common Voice and Fair-Speech relying
on self-reported tags, while Sonos uses geographic
proxies. Furthermore, most of these datasets are
not conversational, hindering the speech variations
that can be found in spontaneous speech.

To acquire accent labels, another method is to
engage native speakers to perceptually rate speech
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in their own language. While perceptible varia-
tions still remain across generations in mainland
France, significant variations are observed between
mainland France, its overseas territories, and other
French-speaking regions. A study by Woehrling
and de Mareüil (2006) showed that people from
mainland France generally distinguish only three
broad accents: Southern, Northern, and Eastern
French. It is yet to be investigated whether French-
speaking people can perceptually distinguish these
three broad mainland accents alongside the over-
seas varieties.

The contributions of this paper are the following :

• Extension of the CFPR dataset with regional
accent labels.

• Perceptive test on a pool of 87 participants to
evaluate the difficulty of this classification task
for humans.

• Implementation and evaluation of a French ac-
cent classifier on eight classes trained on a
dataset collected based on geographical crite-
ria.

The remainder of this paper is organized as fol-
lows: Section 2 presents the state-of-the-art in
accent classification and ressources. Section 3
details the annotation process and the perception
study. Section 4 presents the French accent classi-
fier, Section 5 the results, followed by a conclusion
in Section 6.

2. Related Works

Speech corpora are numerous for English (Veaux
et al., 2017; Demirsahin et al., 2020; Wang et al.,
2024); however, across the literature, accent
classification has relied on varying taxonomies
(Veaux et al., 2017; Wang et al., 2024; Zhong
et al., 2025)(Zuluaga-Gomez et al., 2023) or on
unchecked labeling schemes such as the Com-
mon Voice self-declaration (Ardila et al., 2020). In
contrast, accent-annotated speech corpora for non-
English languages are much less frequent.

In 2007, Cappeau and Gadet (2007) observed,
"There is no very large corpus of spoken French,
and in particular, there has been no institutional will
in France that would have led to the creation of a
large oral corpus," while mentioning a high number
of initiatives to collect data. Today, the situation
has changed with the convergence of initiatives in
the humanities that have collected large amounts
of highly informative linguistic data, made available
via open portals such as CoCoON or ORTOLANG,
and with the emergence of deep learning, which
encourages major players to collect and distribute
speech data extracted from the web, such as the
VoxPopuli corpus (Wang et al., 2021) or Mozilla’s

initial Common Voice. Although there are special-
ized corpora for specific varieties of French, such
as the CEREALES Quebec French corpus (Mai-
son et al., 2023), the Valibel Belgian French cor-
pus (Francard et al., 2002), or Sub-Saharan African
accented French (noa, 2003; Zanon Boito et al.,
2022), there is a lack of a French accent corpus
that provides both representative geographic and
demographic coverage of French accents and the
necessary sociolinguistic metadata for deep ana-
lytical study.

Regarding automatic accent classification, a re-
cent review by Jassim and Abdulmohsin (2025)
shows that most of the studies on accent classi-
fication focus on English variations. Some other
studies focus on Arabic variations or South-East
Asian variations. The research on accent classi-
fication is mainly driven by the need to improve
Automatic Speech Recognition performances. For
instance, Zuluaga-Gomez et al. (2023) introduced
CommonAccent, an open-source benchmark for
accent classification based on Mozilla Common
Voice. Two large pretrained acoustic models were
fine-tuned to classify accents in four languages:
English, German, Spanish, and Italian. They
achieved an accuracy from 68.5 to 99.0 according
to the language and provided the first standard-
ized baseline for accent classification across mul-
tiple languages. This demonstrates the effective-
ness of self-supervised acoustic representations
for accent classification. The more recent Accent-
Box (Zhong et al., 2025) builds on CommonAccent
and achieved a 0.56 F1 score on unseen speakers
over 13 accents of English.

As for speech embeddings, the most recent tech-
niques rely on using representations from models
such as WavLM, Wav2Vec2, or MMS-LID-256 on
classification tasks. While WavLM is based on En-
glish speech, MMS-LID-256 is multilingual and 10
times bigger than WavLM.

To our knowledge, the first attempt at automatic
French accent classification was proposed in a re-
cent paper from Voxlect (Feng et al., 2025). In
this study, French accents are divided into four
classes: Switzerland/Belgium/Germany, Africa,
Canada, France and French overseas territories
being merged as a single accent class. Two differ-
ent datasets were used: CommonVoice-fr (Ardila
et al., 2020) and African Accented French (noa,
2003). Results of their classication model based
on MMS-LID-256 reached 86.4 accuracy and 70.6
macro-F1 for French.

While Voxlect (Feng et al., 2025) represents
a first effort in automatic French accent classifi-
cation, its partitioning methodology is question-
able. First, the authors did not specify if one given
speaker could be present in different data splits
(train/validation/test), which poses a risk of speaker
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leakage and may lead to an overestimation of the
model generalization capacity. Second, European,
African, and Canadian varieties form identifiable but
sometimes overlapping clusters within the classifi-
cation results. While the authors acknowledge dif-
ferences between French spoken in different coun-
tries, they omitted to take into account the signifi-
cant differences inside France, both mainland and
overseas.

3. Benchmarking accent recognition
for French

3.1. Defining accent classes
Research into the perception of French accents in-
dicates that native European French speakers were
generally capable of distinguishing three main ac-
cent varieties of French (Woehrling and de Mareüil,
2006). A more recent work (Avanzi and de Mareüil,
2019) on eight European varieties showed the fol-
lowing different perceptual groupings: Alsace, Bel-
gium, and Switzerland clustered together, North-
West of France and Southern France (including
Corsica).

Given our interest in the French accent both
within and outside Europe, and building upon this
perceptual evidence, we considered eight distinct
classes. We acknowledge that these categories
contain important inter-class variability, as they may
embrace multiple regions or even multiple countries
that present significant internal differences. Fur-
thermore, some varieties of French are not covered
(e.g., Italy). However, we relied on the perception
research from Woehrling and de Mareüil (2006) for
the initial classification of French European vari-
eties and then applied this framework to the differ-
ent French-speaking areas globally. The classes
are defined in Table 1.

3.2. The CFPR corpus
The Corpus du Français Parlé de nos Régions
(CFPR) (Avanzi et al., 2019) is an open-access lin-
guistic resource developed at Sorbonne Université,
designed for the study of regional and social varia-
tion in the French-speaking world. It comprises a
collection of audio recordings. The corpus includes
186 speakers, each contributing one recording,
along with detailed metadata. This metadata for
each speaker includes: gender, year of birth, coun-
try and region of origin, current residence, recording
date, recording location, and level of French. The
metadata specifically provides both the speaker’s
birthplace and their residence at the time of the
recording. The recordings were conducted as inter-
views with people living in various places around
the world, from Côte d’Ivoire to Algeria, the main

part originating from mainland France. This cor-
pus is thus well-suited for the analysis of regional
accents.

3.3. Gold annotation

The gold annotation1 was obtained via concerted
labeling. Two authors (one from Central France and
one from Southern France) listened and annotated
all recordings collaboratively, achieving consensus
after multiple passes. They had a posteriori access
to the full speaker metadata (childhood and current
locations at time of recording) to resolve ambiguous
cases and contacted a third person in a couple of
cases.

When comparing the childhood location (origin)
to the final accent label, 24 out of 186 of the
recordings exhibited a mismatch. The specific di-
vergences were: Central France (8 instances) fi-
nally labeled as Eastern and Northen France (5
instances) or unknown (3 instances); Canadian
French (1 instance) labeled as unknown; Eastern
and Northen France (6 instances) labeled as Cen-
tre; Southern France (7 instances) labeled as Cen-
tre (6 instances) and Eastern and Northen France
(1 instance) and Pacific Area (1 instance) and North
Africa (1 instance) both labeled as Centre. When
comparing the current location to the final accent
label, 60 out of 186 of the recordings exhibited a
mismatch, showing that current location is not pre-
dictive of the persived accent.

In the remainder of this paper, we will refer to
the labels resulting from this concerted labeling
process as the "gold labels".

3.4. Human perception experiment
The online experiment concerning the perception
of French accents was conducted between end
September and mid-October 2025, and was imple-
mented using the PsyToolkit platform (Stoet, 2010,
2017). The study was presented to participants
having as a long-term objective to measure the
fairness with which Automatic Speech Processing
(ASP) systems treat the diversity of French accents.
The experiment was completed online over approx-
imately ten minutes, with no risk presented to par-
ticipants, as their identity, microphone, and camera
were not used. The participants were recruited in
the immediate vicinity of the lab and the profes-
sional network of the experimenters. A very good
command of French was required. Participants
were instructed to use a physical keyboard in a
quiet environment.

The records were preprocessed using diarization
of each of the recordings to separate the speakers
from the interviewer using pyannote (Bredin, 2023).

1https://zenodo.org/records/18848970
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Table 1: French accent class definition

Class name Geographical zones
Canadian French Canada, Louisiana, Saint Pierre and Miquelon.
Caribbean Guadeloupe, Martinique, French Guiana, Haiti. . .
Central France All regions of France that are not part of Southern, Eastern, or Northern France.
Eastern & Northern France Alsace, Luxembourg, Belgium, Switzerland, Pas-de-Calais, Moselle. . .
North Africa Tunisia, Algeria, Morocco + Lebanon. . .
Pacific and Indian Area Madagascar, Mauritius, Réunion Island, New Caledonia, Vanuatu. . .
Southern France Basque Country, Occitania, Aquitaine, Provence, Corsica.
Sub-Saharan Africa All French-speaking African countries south of the Sahara (e.g. Gabon, Congo, Ivory Coast,

Niger, Cameroon. . . )

Table 2: Distribution of speakers’ origin in the CFPR
corpus

Origin region Speakers Percentage
Canadian French 6 3.23
Caribbean 7 3.76
Central France 75 40.32
Eastern and Northen France 31 16.67
North Africa 23 12.37
Pacific Area 5 2.69
Southern France 34 18.28
Sub-Saharan Africa 5 2.69
Total 186 100.00

For the evaluation task, we then selected the two
longest utterances from each speaker, resulting in
372 segments for the participants to evaluate, with
an average duration of 11.05 seconds (median of
11.4 seconds, min 5.1, max 13.1).

The experiment was structured into three dis-
tinct phases. First, a classical questionnaire was
administered to collect demographic data. This
was followed by a training phase, during which
participants were trained on 5 controlled accent
recordings to establish a baseline. Finally, the main
annotation phase was executed, during which par-
ticipants were asked to assign an accent to 25 dis-
tinct speech recordings into one of the eight accent
classes. They were also encouraged to use the "I
don’t know" class each time they hesitated due to
the task’s acknowledged complexity. Each partici-
pant had 30 seconds to answer after hearing the
speech record.

3.5. Results of the experiment
The experiment was performed by 87 participants.
47.8% of them were women, 44.8% men and 7.5%
did not assign themselves as either of these gen-
ders. 22.7% were within 18-24-year-olds, 43.9%
25-34 yrs, 16.7% 35-44, 12.1% 45-54, 4.5% 55-64
and 1.5% more than 65 years old. Over all par-
ticipants only four declared not to be native or C2
level. Regarding accent, most participants (46.3%)
declared an accent of the center of France, 9%
from the north/east, 14.9% from the south, 6% from
North Africa and 1.5% from Caribbean. 22.4% did

not select any accent, mostly to declare not having
any accent.

On the training period, participants had an av-
erage guess rate of 0.5SD=0.2 (SD = standard de-
viation) and an average answer time of 13.5SD=4.2

seconds. The time-out rate was of 4%.
A total of 2,053 votes were collected at the end

of the experiment. After excluding 308 votes cate-
gorized as "I don’t know," 1,745 exploitable votes
remained for analysis. Each recording received a
median of 4 votes (1 min, 13 max). For each record-
ing, the majority vote was computed to establish
the initial labels. For the 56% of recordings that re-
ceived more than three votes, the median Majority
Ratio (the proportion of votes for the majority class)
was 0.6 (0.2 min, 1 max). 19% of all recordings
resulted in a tie for the majority class.

The decision for each speaker was determined
solely by the best majority vote over the two record-
ings of each speaker. When comparing these ma-
jority labels against the "Gold labels", 55 out of 186
recordings mismatched. The overall agreement of
the majority vote with the Gold labels demonstrated
a low to moderate Krippendorff’s Alpha (Krippen-
dorff, 2019; Marzi et al., 2024) (0.62) and Cohen’s
Kappa (0.62).

Figure 1 exhibits the confusion matrix between
the perceived accents and the gold labels. The
recall for North Africa (.82), North America (1), and
Sub-Saharan Africa (1) shows that they where eas-
ily identified by the majority votes. Southern France
(0.79) and the Caribbean (0.71) showed moder-
ate identification accuracy, while Center (.72) and
North east (.62) demonstrated great inter-confusion
among raters. Pacific area (.4) was poorly identi-
fied.

To assess whether aggregation metrics could
serve as a reliable proxy for prediction quality, the
dataset was partitioned into three subsets. High
Confidence was defined by records having more
than three total votes AND a majority ratio ≥ 0.75
of all votes. Moderate Confidence required more
than three total votes AND a ratio of ≥ 0.5 AND
the majority vote matching the speaker’s origin. All
other recordings were classified as Low Confidence.
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Figure 1: Perceptive test results on CFPR. Rows
show true classes, columns predicted classes.
Darker blue indicates a higher number of samples.

This process resulted in a distribution of 69 high,
32 moderate, and 85 low confidence recordings.

A subsequent analysis of inter-rater agreement
across these subsets underscored the difficulty of
the task. The full votes dataset showed extremely
low agreement with a Krippendorff’s Alpha of 0.266.
Even after removing the low confidence votes (leav-
ing 1,025 votes), the Alpha only rose to 0.345.
When considering only the high confidence votes
(651 votes remaining), the Alpha reached 0.453.

These findings lead to a clear conclusion: accent
classification is a very challenging task, particularly
for differentiating accents from closely related ge-
ographical areas (North East vs Centre) or for re-
gions less represented in mainland (Pacific area),
a difficulty exacerbated by the limited 10-second
duration in average of the speech signals. While
the speaker’s childhood location (origin) serves as
a potentially useful initial proxy for accent classi-
fication, the data demonstrates it cannot be fully
relied upon since 13% of them were corrected by
concerted labeling, indicating that perceived accent
and geographical origin frequently diverge.

4. Automatic classification of French
accents

The results of our perceptual study confirm that
accent classification remains a challenging task for
human listeners. This limitation motivates the ex-
ploration of automatic classification, to investigate
whether an automatic approach can perform this
task more reliably.

4.1. Methodology
Following experiments of Voxlect from Feng
et al. (2025), we perform audio classifi-
cation using a pre-trained WavLM model
(microsoft/wavlm-base) and pre-trained
MMS-lid 256 (facebook/mms-lid-256) as
feature embeddings.

As the authors of Voxlect, we obtained signifi-
cantly lower scores fine-tuning WavLM model than
fine-tuning MMS-lid 256 model. We decided to
focus on this last model. It is a fine-tuning of 1B
parameters Massively Multilingual Speech (MMS,
facebook/mms-1b) on a task of language identi-
fication (256 languages, including French, English,
German). We freeze all model weights and re-
placed the classification layer with ours. The model
is fine-tuned for single-label classification, with 8
classes as output. All audio files were resampled
to 16 kHz.

To handle class imbalance, we use Focal Loss
and weighted random sampling. Focal Loss gives
more importance to difficult examples. We also
use a custom balanced Trainer, which ensures that
each batch contains a representative number of
samples for each class, while oversampling under-
represented classes. We train with the AdamW
optimizer and a cosine learning rate scheduler with
warmup. The model is evaluated at the end of each
epoch and the best model is saved after 10 epochs.

Accuracy and F1-scores are the metric used for
evaluating the performance of the models.

4.2. Datasets
As there is no balanced accent dataset for French,
we collected datasets from different sources, with
variable accent annotation quality.

4.2.1. CommonVoice 22.0

Common Voice2 defines itself as a free, open
source platform for community-led data creation.
Since 2021, it is possible for users to self-determine
their accent to label their speech production. How-
ever, there could be as many labels as there are
persons.

To construct our dataset, we only selected audio
data with clear accent identification. We gathered
more than 200 different labels, the most occurring
one being "Français de France" (French of France).
However, this label covers multiple accents and can
not be interpreted easily. As described by Candea
(2021), accents are inherently unstable and subjec-
tive, as pronunciation features may be perceived
differently by listeners or change in prominence
over time. There is a notion of a “neutral” pronun-
ciation with French, considered accent-free and

2https://commonvoice.mozilla.org/fr
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serving as the social standard, while any deviation
is labeled an accent, often with negative social con-
notations. This hierarchy places the accent around
Paris and center of mainland France area as the
norm and the neutral way of speaking. Based on
these observations, we made the hypothesis that
all occurrences labeled as "French of France" be-
longed to this accent class.

We chose explicit labels showing clear accent
identification for each one of our eight classes. We
excluded all labels where French was not a spo-
ken language of the country such as "French of
Germany". From all the available data, we kept
37555 recordings with a length between 3 and 13
seconds, for a total of 63.05 hours, and got content
for the eight classes as shown in Table 4. This data
were split between train and validation subsets, us-
ing the speaker identification to make sure none of
the speakers of the validation subset were in the
training subset.

Total durations vary importantly between classes.
We observe three dominant classes in term of size:
Canadian French, Central France, and Eastern &
Northern France.

4.2.2. Dataset augmentation

In an effort to balance all classes, we gathered
data from other open source datasets. We added
18305 recording segments between 3 and 13 sec-
onds for a total of 28.35 additional hours. Data are
presented in Table 3 and organized as follow:

• PFC 3 (Durand et al., 2002): Southern France
(Aix-Marseille, Douzens, Lacaune), North
Africa (Chlef in Algeria), Pacific Area (Réunion
Island)

• African accented French (noa, 2003): Sub-
Saharan Africa (Cameroon, Chad, Congo,
Gabon and Niger)

• Assemblée Nationale : speeches of French
National Assembly deputees, three from the
Caribbean area (DR, JPN, CB, EC, JW, JVC),
four from the Pacific area (MS, ET, AB, FG),
one from Southern France (JC).

4.3. Results from automatic
classification

We trained two models, one using the Common-
Voice dataset only (M_cv22), and a second one
adding the augmentation dataset (M_aug). For
both models, only the training subset changed,
while the validation set remained the same. We

3http://www.projet-pfc.net

Table 3: Augmentation repartition from open-
source datasets

Dataset Label Duration

African Accented Sub-Saharan Africa 15.42 h
French

Pacific area 2.52 h
PFC North Africa 3.31 h

Southern France 4.29 h
Assemblée Caribbean 1.71 h
Nationale Pacific area 0.65 h

Southern France 0.46 h
Total 28.35 h

Table 4: Dataset durations per class, with Com-
mon Voice 22.0 (CV22.0) and with augmentation
(in hours), for cumulated train + val dataset

Label CV22.0 Augmented
Sub-Saharan Africa 2.29 h 17.71 h
Canadian French 15.19 h 15.19 h
Caribbean 1.23 h 2.94 h
Central France 17.29 h 17.29 h
Eastern & Northern France 22.07 h 22.07 h
Pacific Area 2.02 h 5.19 h
North Africa 0.80 h 4.11 h
Southern France 2.15 h 6.90 h
Total 63.05 h 91.41 h

tested these two models on the CFPR dataset pre-
sented in Section 3.2, on a total of 6599 audio seg-
ments extracted. For each experiment, we aggre-
gated all accent predictions from a given speaker
and kept the most frequently predicted label at the
speaker level. This reduces intra-speaker variability
and ensures that evaluation reflects consistent ac-
cent perception rather than isolated utterance-level
fluctuations.

Results from automatic classification are dis-
played in Figures 2 and 3, for the models respec-
tively trained on the CommonVoice dataset and on
the augmented dataset. Per-class accuracy and
F1-score are also provided in Table 5.

Using only CommonVoice as training dataset,
we observe low performance for classes represent-
ing the Caribbean and the Pacific Area. These
classes are poorly represented in our dataset. How-
ever, while being one of the largest classes in our
dataset, Eastern & Northern France also displays
underperforming results, right above chance. Fig-
ure 2 shows that Central France, one of the largest
classes, is also showing as a wrong prediction for
half of the classes.

When training on the augmented dataset, we
can see that even minor data augmentation on the
smallest classes can significantly improve the re-
sults, especially for the Caribbean (1.23 h to 2.94 h)
and the Pacific Area (2.02 h to 5.19 h). The impact
on Southern France given the data increase (2.15 h
to 6.90 h) is also positive (about 13% accuracy in-
crease with a stable F1-score). Finally, North Africa
class results are consistent before and after aug-
mentation (while increasing from 0.80 h to 4.11 h).
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We observe a slight increase in accuracy and a light
drop in F1-score. Performance for Central France
and Eastern & Northern France drops significantly
after augmentation. These classes show confusion
with multiple other regions, including the Pacific
Area, North Africa, and Southern France. These
results testify once again that these two classes
might not capture inter-class variability and cover
both area and accent differences with characteris-
tics similar to those of other classes. In Figure 3,
the Pacific Area class shows a strong pull in pre-
dictions from dominant classes, indicating potential
over-generalization.

Table 5: Per-class accuracy and F1-score for mms-
lid-256 model fine-tuned on CommonVoice 22.0
and on augmented dataset.

Class M_cv22 M_aug M_cv22 M_aug

Accuracy F1-score

Sub-Saharan Africa 68.20 51.61 0.626 0.661
Canadian French 81.00 76.00 0.271 0.616
Caribbean 6.83 53.41 0.116 0.463
Central France 54.32 11.75 0.565 0.195
Eastern & Northern Fr. 15.54 2.86 0.220 0.053
Pacific Area 5.15 52.06 0.034 0.063
North Africa 21.88 25.48 0.331 0.302
Southern France 45.33 58.27 0.411 0.432

Global accuracy 40.98 25.04
Macro-avg recall 37.28 41.43

Figure 2: Confusion matrix for the M_cv22 model
trained on CommonVoice 22.0 and tested on tested
on CFPR. Rows show true classes, columns pre-
dicted classes. Darker blue indicates a higher num-
ber of samples.

To compare with current state-of-the-art ap-
proach, Figure 4 reports the results obtained by
the French model of Feng et al. (2025). We com-
pared Voxlect with the performance of our models
by joining different class results. Africa includes

Figure 3: Confusion matrix for M_aug model trained
on Commonvoice 22.0 and additional data, and
tested on tested on CFPR. Rows show true classes,
columns predicted classes. Darker blue indicates
a higher number of samples.

Sub-Saharan Africa and North Africa, France re-
groups Caribbean, Central France, Pacific Area
and Southern France. This Figure thus compares
an 4-class architecture with our 8-class architecture.
Both models are tested on CFPR dataset, where
for each speaker, we only kept the most frequent
label for all utterances. The Voxlect study reports
that the main confusion for the lowest-performing
class occurs with the ‘France’ class. Tested on
CFPR dataset, we observe that Africa subset and
Canada subset have the lowest accuracy. In our re-
sults, the aggregated ‘Africa’ class performs better
than in Voxlect. For our model M_aug, the aggre-
gation of finer-grained regional labels of ‘France’
into one category leads to significantly better per-
formance compared to Voxlect. Classification ac-
curacy for the ‘East of France’ class is the lowest,
while Voxlect manages to reach a 34.4% accuracy.

Despite good results on the ‘France’ label for
the coarse classes, this hides the discriminative
power of the models on the fine-grained regional
accents in France. This expresses the need for a
richer variability and accent repartition over French-
speaking regions.

Based on these experiments, we can hypothe-
size that classes such as Central France and North-
ern & Eastern France are too dominant. These
classes might include various noisy data or even
incorrectly labeled accents from the related Com-
monVoice categories. Northern & Eastern France
gathers accents from different regions and even
different countries such as Belgium and Luxem-
bourg. That might include too much variability.
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(a) Results for Voxlect model on CFPR
dataset with 4 labels.

(b) Results for M_aug model on CFPR
dataset with 4 labels

Figure 4: Confusion matrices for both Voxlect and
our model tested on CFPR dataset with 4 labels:
Africa, Canada, France, East.

Finally, we can hypothesize that the Pacific Area
could also be a too diverse class and should be
divided into more specific regions. Indeed, while
languages in the geographical area from Mada-
gascar to Tahiti come from the same Austronesian
families (Keenan and Chung, 2017), their native
speakers exhibit pronunciation differences when
speaking French. We based our class split on the
availability of data and the perceived proximity of
pronunciations. However, the datasets are not dis-
tributed evenly across the geographic areas they
represent. For instance, North Africa class aug-
mentation comes from recordings realised in the
same city, sometimes in noisy conditions.

Next steps should include a study of literature
on phoneme-level acoustic differences inside the
classes to refine their distribution. We used strate-
gies to balance classes in the training steps of the
models, but should focus in the next step on increas-
ing the smallest classes to increase the number of
speakers. Refining the class definitions based on
linguistic criteria could make the model distinctions

more meaningful and improve overall performance.

5. Discussion and Conclusion

The Voxlect study (Feng et al., 2025), which
utilized the MMS-LID-256 architecture, reported
a macro F1-score of 0.707 when classifying
French accents into four broad classes (Switzer-
land/Belgium/Germany, Africa, Canada, and
France and its overseas territories). This result was
achieved on short utterances. In contrast, our ap-
proach aimed for a more granular analysis by clas-
sifying accents into eight distinct classes (reflect-
ing a finer sociolinguistic partitioning). Using the
same MMS-LID architecture, our system achieved
a lower classification accuracy of 40.98% across
these eight classes, which is close to some studies
in English (0.56 F1 score on 13 accents of English
(Zhong et al., 2025)).

This performance difference highlights several
current limitations in research on automatic accent
classification. Our low accuracy when doubling
the number of classes underscores the difficulty
in separating more specific regional varieties of
French. This also illustrates the lack of resources
for training such models. Acquiring such a dataset
has proven to be difficult. Research on French
native listener perception in Europe (Avanzi and
de Mareüil, 2017) found that, even when tasked
to choose among France, Switzerland, and Bel-
gium, human accuracy averaged only 60%. By
contrast, our experiment based on a majority vote
led to an accuracy of 70.4%. Despite a very low
inter-annotator agreement, this is far better than
the machine learning approach.

When access to childhood origin is available, us-
ing such information as a proxy for accent led to
a higher accuracy of 87.1%. This high score is
likely influenced by the CFPR’s focus on recruiting
people from specific regions. However, when the
current location is used (a common proxy based
on ZIP code to guess a remote speaker’s demo-
graphics), the accuracy falls to 68%, illustrating the
unreliability of this proxy for accent attribution.

This reveals that humans struggle in this task and
might explain why automatic accent classification
systems still fail on this task. This also shows that
access to metadata, even if not perfect, is of high
importance to achieve more reliable labelling.

Our future research will focus on advancing
French automatic accent classification. We aim
to collect and curate more high-quality datasets
to address current resource scarcity, and extend
the proposed evaluation dataset. Furthermore, we
plan to systematically evaluate a broader range of
speech technologies, such as Automatic Speech
Recognition and speaker identification models. Ul-
timately, we plan to apply accent classification to
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enable large-scale sociolinguistic studies.
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