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Abstract

Moroccan Arabic (Darija) is routinely treated
as a single dialect in NLP research, yet it
exhibits substantial regional variation across
its geography. This pilot study questions the
monolithic framing by collecting a regionally
annotated speech corpus, 60 minutes of
broadcast audio from Casablanca, Tangier,
and Oujda, transcribed and verified by native
speakers, and evaluating 17 state-of-the-art
ASR systems against it. Our results show
architecture-dependent performance gaps
across regions: systems exhibit significant
gaps in WER points between the best- and
worst-served regions, and fine-tuned “Moroc-
can Arabic” checkpoints exhibit inconsistent
regional profiles that are hard to reconcile with
balanced training data. These findings suggest
that national-level dialect labels obscure
regionally uneven model coverage with real
performance consequences. We release the
dataset1 and support the adoption of more
fine-grained provenance labeling as standard
metadata for Arabic dialect resources.

1 Introduction

Moroccan Arabic (Darija) is spoken by nearly all
of Morocco’s 37 million inhabitants as a first or
second language (Heath, 2020). Many dialectical
datasets are labeled simply as ‘Moroccan Arabic’,
foregoing further geographic specification, gloss-
ing over substantial regional variation, phonologi-
cal, lexical, and contact-driven, that characterizes
the language (Heath, 2013; Aguadé, 2008). Darija
also exists within a state of diglossia with Stan-
dard Arabic and features heavy code-switching into
French and Tamazight languages as well as occa-
sional use of English and Spanish, with patterns

1https://github.com/Ackanel/alama_
audio_dataset
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Figure 1: Data sources and human annotator locations.

that differ systematically by region and social con-
text (Skiredj et al., 2024; Hermas, 2025).

Recent years have seen substantial progress in
Darija ASR, with reported improvements of fine-
tuned systems (Bounhar and Majjodi, 2025; At-
lasia, 2026; Boumehdi and Yousfi, 2024). It is,
however, an open question whether these advances
equally benefit speakers across all of Morocco’s
regions. ASR models inherit the distributional fea-
tures of their training data (Koenecke et al., 2020);
if Moroccan Arabic corpora are, in fact, region-
ally concentrated as they are in other North African
countries (Mohamed Eida and Habash, 2025), with-
out disclosing this at the national-label level, speak-
ers from less-represented areas face systematic per-
formance penalties with no way to diagnose this
from published benchmarks or model cards (Keleg
and Magdy, 2023; Zaidani et al., 2024).

In this pilot study we present ALAMA, a region-
ally stratified Darija dataset spanning Casablanca,
Tangier, and Oujda (Figure 1), with transcriptions
verified by native speakers and metadata covering
accent, register, and loan-word use, among others.

https://github.com/Ackanel/alama_audio_dataset
https://github.com/Ackanel/alama_audio_dataset


Table 1: Salient samples to highlight phonological and morphological differences across the Northern, Central
and Eastern regions of Morocco, illustrated through closely paired locations Tangier and Larache, Casablanca and
Temara, and Oujda and Berkane, respectively (Boumans, 2005; Heath, 2013; Falchetta and Guerrero, 2023).

Linguistic Feature “Northern” “Central” “Eastern”

Historical Dialect Group Pre-Hilalian Hilalian Hilalian
Genitive Exponent d- / dyal dyal dyal / ntaQ

Affrication of /t/ Alveo-dental affricate [>ts] Alveo-palatal affricate [
>
tS] Dental plosive [t”]

Reflex of etymological *q [q] [g] and [q] [g] and [q]

The remainder of this work presents our findings
by evaluating state-of-the-art ASR-systems against
ALAMA.

2 Related Work

Arabic NLP has long focused on distinguishing
broad dialect groups from Modern Standard Arabic
(MSA), while fine-grained intra-dialectal variation
remains underexplored. The ADI17 dataset (Shon
et al., 2020) advanced dialect identification to 17
country-level Arabic varieties, and work on micro-
dialect identification (Abdul-Mageed et al., 2020)
further narrowed the scope. The ALDi framework
(Keleg et al., 2023, 2024) shows that utterances
within a single dialect label vary along a dialectness
continuum correlated with inter-annotator disagree-
ment, a finding directly relevant to our annotation
quality. Despite these advances, regional varia-
tion within country, including Moroccan Arabic,
remains largely unaddressed.

Broadcast speech has anchored Arabic ASR re-
search since MGB-2 (Ali et al., 2019a), extended
by the QASR corpus (Mubarak et al., 2021) and
MGB-5 (Ali et al., 2019b), which provided an early
Moroccan regional reference point. Talafha et al.
(2023) studied zero-, few-, and full-shot Whisper
adaptation across Arabic dialects as a methodologi-
cal predecessor to our evaluation. The most direct
prior work is the Casablanca dataset (Talafha et al.,
2024), which grounded the NADI 2025 shared task
(Talafha et al., 2025) and its top system (Salhab
et al., 2025); contemporaneous benchmarks Sulli-
van et al. (2026); Abdullah et al. (2025) similarly
evaluate multi-system Arabic ASR but at national
granularity. Our work complements these by mak-
ing regional provenance within Moroccan Arabic
a primary experimental variable. Hutiri and Ding
(2022) operationalize fairness through worst-group
and max-minus-min gap metrics, a framework that
we apply at the regional level. Bootstrap methods
for Word-Error Rate (WER) confidence intervals

(Bisani and Ney, 2004; Liu et al., 2021) are dis-
cussed further in our evaluation strategy.

Moroccan Arabic exhibits substantial inter-
regional variation as summarized in Table 1, shaped
by urbanization, pre- and post-Hilalian mixing,
and Berber contact influence (Heath, 2020; Ramos
et al., 2024; Francisco, 2021; D’Anna, 2024),
documented in linguistic studies of Casablanca
(Aguadé, 2003; Hachimi, 2018, 2012), Tangier
(Montes, 2015; Grigore and Bit,ună, 2016), Oujda
(Fernández, 2017), and cross-regionally (Boumans,
2005). The ARCADE dataset (Nacar et al., 2026),
which contributes to our corpus, illustrates how
regional asymmetries arise even in carefully con-
structed resources, containing forty audio samples
from Casablanca, fifteen from Tangier, and none
from the Oriental region where Oujda is located.
This motivates the balanced sampling pursued here.

3 Data

ALAMA consists of 60 minutes of regional broad-
cast speech drawn evenly from Casablanca, Tang-
ier, and Oujda with approximately 20 minutes each.
Audio was drawn from two sources: first, our man-
ually gathered recordings from local radio channels,
specifically call-in programs, in-studio interviews,
and occasional sports broadcasts and radio dramas.
Second, the ARCADE dataset (Nacar et al., 2026),
which provided 9 minutes for Casablanca and 3
minutes for Tangier. To limit speaker-level bias, no
single speaker contributes more than 3.4% of the to-

Table 2: Per-region word counts of human-curated tran-
scriptions. Radio region: location of the broadcast;
Gold strict: 3/3 agree; Gold majority: 2/3 agree.

Region Radio
region

Gold
strict

Gold
majority

Casablanca 2,402 1,912 4,318
Tangier 2,498 605 719
Oujda 2,483 0 1,208

Total 7,383 2,517 6,245
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Figure 2: ASR experiment pipeline.

tal dataset. All segments were trimmed to between
27 and 30 seconds for Whisper-compatibility and
no audio enhancement or denoising was applied,
preserving raw broadcast conditions. Table 2 shows
how human-annotated detected speaker accents dif-
fer from recording source labels.

Transcriptions were first produced by Gemini
2.5 Pro (Google, 2025) following the same prompt-
ing strategy used by Atlasia (2026), an open-source
research group based in Morocco that developed
one of the models examined in this paper, MoulSot.
During this process we observed that identical inter-
views were occasionally broadcast across multiple
regional channels, meaning the broadcast city did
not always reflect the speaker’s geographic origin.
The geographic metadata was designed specifically
to track these discrepancies. All transcriptions were
subsequently verified and corrected by three native
speakers of Moroccan Arabic (Table 3), produc-
ing the gold-label references used throughout our
evaluation.

4 Methodology

Figure 2 provides an overview of the experimental
pipeline and Table 5 in Appendix A shows informa-
tion about the included ASR systems. We evaluate
each of the 17 ASR systems (see Table 4 for details)
against all three native-speaker reference transcrip-
tions and report both Word-Error Rate (WER) and
Character-Error Rate (CER) in two variants. Raw
scores strip only chat-template artifacts present in
generative model outputs; Normalized scores ad-
ditionally apply the Open Universal Arabic ASR
Leaderboard normalization (punctuation removal,
diacritic stripping, hamza and madda normaliza-
tion, Eastern-to-Western numeral conversion). We
also report Oracle WER, the per-utterance mini-
mum WER across the references, which provides
a lower bound exposing the contribution of inter-
annotator disagreement to observed error rates.

Scoring was performed using NIST SCTK

Table 3: Native-speaker annotator demographics.

Region Sex Age Education

Souss-Massa male 25 bachelor’s student
Beni Méllal-Khenifra male 25 master’s student
Casablanca-Settat male 20 bachelor’s degree

sclite for word-level error decomposition (sub-
stitutions, deletions, insertions) and a jiwer-
based port of the Leaderboard normalization
pipeline, both run on all reference-hypothesis
pairs. Per-region WER is computed separately for
Casablanca, Tangier, and Oujda. To operationalize
regional fairness we follow Hutiri and Ding (2022)
and report the max-minus-min WER gap across
regions as a disparity proxy.

We flag the Gemini 2.5 system for gold-
label circularity throughout: reference transcrip-
tions were seeded by Gemini 2.5 Pro before native-
speaker correction, and this system also relies on
the Gemini model family for inference.

5 Results and Analysis

Table 4 reports overall WER and CER and per-
region breakdown for all 17 systems. Normalized
WER spans a wide range: MoulSot v0.3 achieves
the best non-circularity-flagged result at 35.5 %,
while other systems exceed 90 %.

The per-region picture is the more suggestive
one. 12 of 17 systems perform worst on the Ou-
jda dialect which is a significant deviation from
chance (χ2 goodness-of-fit, df=2, p=.023), with
gaps ranging from 0.87 to 17.8 WER points relative
to the best-served region. Crucially, the direction of
this disadvantage is not uniform: several systems
fine-tuned on data labeled only as “Moroccan Ara-
bic” perform better on Oujda than on Casablanca
or Tangier (e.g., WSmall-D and WLarge-M fine-
tunes), an inconsistency hard to reconcile with the
assumption of homogeneous regional coverage in
their training data.

The gold-circularity diagnostic makes this ar-
gument sharper. Gemini 2.5 Pro, which seeded
our reference transcriptions, scores near-zero WER
on Casablanca and Tangier (2.9 % and 4.4 %) but
23.1 % on Oujda (Table 4). Error decomposition
(last column group in Table 4) shows this Oujda
gap is driven almost entirely by insertions (7.0 %)
rather than substitutions or deletions, indicating
that the native-speaker post-editing effort required
to correct the Gemini-seeded transcriptions differed



Table 4: ASR evaluation results on the 60-min ALAMA dataset (all values in %). Normalized (LB) shows
leaderboard-normalized WER/CER and Oracle WER (per-utterance minimum across three references); Per-Region
WER shows normalized WER per city, with Gap as the max-minus-min regional disparity; sclite Decomposition
shows word-level Substitution/Deletion/Insertion breakdown. Green/yellow/red: column best/second-best/worst.
Orange-tinted row is gold-circularity flagged because the reference transcripts were seeded by this system before
native-speaker correction, making its WER an artifact rather than a comparable baseline.

Normalized (LB) Per-Region WER sclite Decomposition

Model WER CER Oracle Casa. Tang. Oujda Gap Sub Del Ins

DEDICATED ASR (single-purpose end-to-end ASR)
WLarge-DL 45.5 24.9 41.0 43.2 41.2 51.6 10.5 32.9 12.8 3.5
WLarge 51.8 26.9 47.6 52.1 47.1 55.9 8.8 36.8 16.0 3.1
WLarge-M 56.9 21.8 53.2 57.3 57.2 55.6 1.7 42.9 8.1 9.3
WLargeCER-M 57.4 21.9 53.7 58.0 57.1 56.6 1.4 43.6 8.1 8.9
WMedium-D 53.4 26.9 49.9 45.5 52.6 61.6 16.1 30.2 8.9 18.3
WMedium 62.5 33.4 59.0 60.7 60.4 65.9 5.5 42.5 19.6 2.8
WSmall 72.9 36.3 70.0 71.0 72.3 74.9 3.9 52.6 18.7 3.4
WSmall-D 81.3 59.2 77.9 81.4 87.3 74.8 12.5 40.0 29.0 13.7
WTurbo 55.4 29.3 51.3 53.1 50.7 62.0 11.3 36.5 19.3 2.9
WTiny 91.4 56.3 90.3 91.6 90.5 92.1 1.6 58.2 31.6 2.0
W2V2-MD 55.6 21.4 51.7 58.4 56.5 51.5 6.9 45.2 10.1 3.2
W2V2-M 69.1 25.9 67.3 68.9 69.5 68.6 0.9 52.8 8.1 10.4
MoulSot 35.5 16.0 31.4 33.4 35.2 37.4 4.0 27.2 10.3 2.4
Qwen3ASR 54.2 23.1 49.6 51.6 51.4 59.0 7.6 43.1 8.9 4.9

MULTIMODAL LLM / MULTITASK SPEECH (transcription as one of many tasks)
Gemini 9.7 5.7 0.2 2.9 4.4 23.1 20.2 2.7 0.1 7.0
Gemma4 42.1 20.1 38.1 38.8 38.6 48.4 9.8 32.2 11.2 2.2
Omni-7 50.1 30.1 45.8 47.1 47.3 55.3 8.2 28.2 23.6 1.2
Seamless 84.8 58.7 81.5 73.6 91.4 89.2 17.8 42.9 36.0 8.9

systematically by region. Taken together, these re-
sults suggest that regional origin is a measurable,
architecture-dependent factor in ASR performance,
and that training-data provenance shapes regional
generalization in ways not visible from model la-
bels alone.

6 Discussion

Our results provide evidence for ASR performance
differences between regions of Morocco. A po-
tential cause of which could be treating Moroccan
Arabic as a single homogenous target in dataset
construction, obscuring regional variation. The
inconsistent, sometimes reversed regional skew
across “Moroccan Arabic”-labeled checkpoints is
hard to explain under the assumption of region-
ally balanced training data; a more parsimonious
explanation is that these corpora are regionally con-
centrated, introducing undisclosed biases invisible
at the national level.

This concern extends beyond the specific sys-
tems we evaluate. Labeling speech data as “Mo-
roccan Arabic” while training predominantly on
one region creates models whose blind spots are
invisible to downstream users, and we argue that
region-level provenance should become standard
metadata for datasets and model cards not only for

Arabic dialects.

Several caveats apply. Our three-region, broad-
cast-based setup cannot fully disentangle dialectal
variation from acoustic recording conditions; iso-
lating these effects would require larger per-region
samples and more controlled environments. Be-
cause we lack provenance information for the fine-
tuning corpora we evaluate, our account of their
regional skew remains an inference rather than a
verified claim. The gold-circularity in our anno-
tation pipeline means WER figures are measured
against a non-fully-independent standard, though
the Gemini 2.5 Pro diagnostic corroborates region-
dependent transcription difficulty. Additionally our
gold-strict labels count for Oujda is n = 0. This
could be due to annotator’s unfamiliarity with Ou-
jda shibboleths and subsuming the Oujda accent
into the Casablanca category as none of the annota-
tors come from Oujda. It is also worth considering
that the general pattern of ASR models perform-
ing worse on Oujda data is a trickle-down effect of
Gemini’s worse performance as it was the basis for
the annotator’s transcriptions. This pilot motivates,
rather than conclusively demonstrates, the need for
regionally-stratified Darija ASR research.



7 Conclusion

ALAMA provides evidance that regional origin is
a potential, architecture-dependent factor in Dar-
ija ASR, one that is invisible from national-level
labels alone. The inconsistent profiles of “Moroc-
can Arabic”-labeled fine-tunes further suggest their
training corpora are regionally skewed – a hypothe-
sis that this pilot motivates but cannot conclusively
verify at scale. We suggest the adoption of region-
level provenance as metadata for Arabic dialect
datasets and model cards when feasible, and to
scale regionally-stratified Darija evaluation beyond
this pilot.

For the future, we hope for dialect awareness
within models rather than only in their description.
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A ASR Systems
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Label Name Type Size Reference

DEDICATED ASR (single-purpose end-to-end ASR)

MoulSot MoulSot v0.3 Fine-tune – (Atlasia, 2026)
Omni7B Omni ASR 7B Base model 7 B (team et al., 2025)
Qwen3ASR Qwen3-ASR Base model 1.7 B (Shi et al., 2026)
W2V2-M W2V2 Moroccan Fine-tune 300 M hf:/othrif/wav2vec2-large-xlsr-moroccan
W2V2-D W2V2 Darija Fine-tune 300 M (Boumehdi and Yousfi, 2024)
WLarge Whisper Large Base model 1.55 B (Radford et al., 2022)
WLarge-DL Whisper Darija LoRA Fine-tune 1.55 B hf:/Hafsa0/whisper-large-v3-darija-lora
WLarge-M Whisper Morocco FT Fine-tune 1.55 B (Abdullah et al., 2025)
WMedium Whisper Medium Base model 769 M (Radford et al., 2022)
WMedium-D Whisper Medium Darija Fine-tune 769 M hf:/ychafiqui/whisper-medium-darija
WSmall Whisper Small Base model 244 M (Radford et al., 2022)
WSmall-D Whisper Small Darija Fine-tune 244 M hf:/KandirResearch/Whisper-Small-Darija
WTurbo Whisper Turbo Base model 809 M hf:/openai/whisper-large-v3-turbo
WTiny Whisper Tiny Base model 39 M (Radford et al., 2022)

MULTIMODAL LLM / MULTITASK SPEECH (transcription as one of many tasks)

Gemini Gemini 2.5 Proprietary – (Google, 2025)
Gemma4 Gemma4 E4B Instruct Base model 4 B (effective) hf:/google/gemma-4-E4B-it
Qwen3Omni Qwen3-Omni Base model 30 B (3 B active) hf:/Qwen/Qwen3-Omni-30B-A3B-Instruct
Seamless Seamless-M4T Base model 2.3 B (Communication et al., 2023)

Table 5: ASR systems evaluated in this study, grouped by purpose. Type: whether the system is a general-purpose
base model or a Darija-specific fine-tune. Size: approximate parameter count (– = undisclosed or proprietary).
Reference: citation or path of the model on huggingface.co.
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