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Figure 1: Overview of BULBUL, covering 11 Arab countries and presenting representative examples from each
dialect (English translations provided in Appendix B.2).
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Abstract ern standard Arabic spoken by participants in their
native dialectal accents to support accent-aware

Arabic automatic speech recognition (ASR) faces  modeling. The quality of the recordings was en-

unique challenges due to diglossia, extensive re-
gional dialect variation, and limited speech re-
sources. Existing speech datasets often focus on
single dialects or large-scale broadcast/web data,
leading to trade-offs between linguistic diversity
and annotation quality. We present BULBUL, a
multi-dialect Arabic ASR dataset collected from
275 speakers in 11 Arab countries. BULBUL in-
cludes structured dialect and sub-dialect coverage,
as well as recordings of classical Arabic and mod-

sured through a two-level human verification pro-
cess. We further benchmark a range of recent ASR
systems, establishing strong baselines for modern
dialectal and accented Arabic ASR.

1 Introduction

Recent advances in automatic speech recogni-
tion (ASR) have revolutionized spoken language
technologies, demonstrating remarkable capabil-
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ities across diverse languages and domains. In
Arabic, ASR systems must navigate a uniquely
complex linguistic landscape characterized by im-
mense phonetic and lexical diversity in dialects and
subdialects (Algadasi et al., 2025; Alshargi et al.,
2019). This variety results in limited and unbal-
anced speech resources, heavily skewed toward a
few dialects, leading to poor generalization for un-
derrepresented dialects (Djanibekov et al., 2025).

Despite progress in Arabic ASR datasets, most
of these datasets cover only a few dialects, pri-
marily modern standard Arabic (MSA), Egyptian,
broad Levantine, Gulf, and Moroccan (Djanibekov
et al., 2025). On the other hand, Algerian, Su-
danese, Yemeni, and Tunisian Arabic, as well as
parts of Palestinian and Jordanian Arabic, remain
comparatively low-resource (Sullivan et al., 2026;
Alqadasi et al., 2025; Talafha et al., 2024). Beyond
dialect coverage, existing research has also largely
overlooked accented MSA and classical Arabic
(CA). MSA is the formal variety used in modern
communication, while CA represents the historical
form found in religious and classical texts (Ryd-
ing, 2005; Versteegh, 2014). To our knowledge, no
dedicated speech dataset exists to systematically
evaluate accented MSA and CA across diverse di-
alectal backgrounds in ASR.

To address these limitations, we introduce BUL-
BUL, a community-driven Arabic speech dataset
designed to improve dialectal coverage in ASR,
covering 11 countries: Algeria, Egypt, Jordan,
Morocco, Palestine, Saudi Arabia, Sudan, Syria,
Tunisia, United Arab Emirates, and Yemen. To
capture finer linguistic variation, we further divide
the Saudi and Yemeni dialects into fine-grained
sub-dialects. The dataset also includes accented
MSA and CA, enabling accent-aware evaluation.
BULBUL is constructed from text collected across
multiple sources and domains to ensure broad lex-
ical and topical diversity. We employ a two-level
human verification process to ensure transcription
accuracy, audio quality, and dialect authenticity
to improve the dataset’s reliability. Moreover, we
benchmark a diverse set of existing ASR systems
on BULBUL, establishing comprehensive baselines
across dialectal and formal Arabic varieties. We
also release demographic metadata, including age
and gender, to support demographic analysis and
fairness-aware evaluation of ASR models.

2 Related Work

Arabic speech resources span multilingual, uni-
dialect, and multi-dialect datasets. Multilingual
datasets such as GlobalPhone (Schultz, 2002) and
Mozilla Common Voice (Ardila et al., 2020) in-
clude Arabic and support cross-lingual learning,
but typically provide limited dialectal diversity.
Uni-dialect corpora, including Saudi, Algerian,
and Tunisian resources, offer deeper coverage of
specific dialects or code-switching scenarios (Al-
ghamdi et al., 2008; Droua-Hamdani et al., 2010;
Masmoudi et al., 2017; Messaoudi et al., 2021),
but their narrow geographic focus and controlled
recording conditions limit generalizability across
the broader Arabic-speaking world.

Multi-dialect Arabic datasets provide broader lin-

guistic coverage by capturing speech from multiple
regions, as seen in OrienTel (Siemund et al., 2002),
Fisher Levantine (Maamouri et al., 2004), QASR
(Mubarak et al., 2021), MGB (Ali et al., 2019a),
and MASC (Al-Fetyani et al., 2021). However,
many of these datasets rely heavily on broadcast,
telephone, or web-sourced recordings, introducing
domain bias, inconsistent annotation quality, and
limited representation of spontaneous community
speech. These limitations highlight the need for
more diverse and dialect-rich Arabic speech cor-
pora for robust ASR development. Table 1 com-
pares BULBUL with existing datasets. Appendix A
provides a detailed literature review.
BULBUL in Comparison. Unlike many prior re-
sources that focus on a single dialect, broadcast
speech, or controlled scripted recordings, BUL-
BUL captures naturally diverse speech collected
from real speakers across multiple dialect fami-
lies, with explicit sub-dialect annotations for some
countries to reflect fine-grained regional variation.
Furthermore, BULBUL distinguishes itself by in-
cluding accented MSA and CA recordings from 11
dialect speakers, enabling accent-aware ASR anal-
ysis under standardized linguistic content. Com-
bined with human-verified transcriptions, rich de-
mographic metadata, and balanced domain diver-
sity, this makes BULBUL a more realistic and com-
prehensive benchmark for developing robust Ara-
bic ASR systems.

3 BULBUL Dataset

The BULBUL dataset is a community-driven project
conducted from January 2025 to April 2026. The
participants comprise 275 members from 11 Arab



Table 1: Comparison of the BULBUL dataset with existing Arabic ASR datasets.

Dataset Hrs Spk Dial Micro Text Src Rec Env Dom HV Meta Acc
Multilingual
GlobalPhone (Schultz, 2002) 35 170 1 X Script Rec Ctrl 1 v v X
Common Voice (Ardila et al., 2020) 15 225 1 X Script Rec Unctrl 3 v v v
Uni-Dialect
FACST (Djegdjiga et al., 2018) 7.5 20 1 X Script Rec Ctrl 1 v v X
ArzEn (Hamed et al., 2021) 11.4 40 1 X Conv. Rec Ctrl 2 v v v
TUN-SWITCH (Abdallah et al., 2023) ~9 - 1 X Broadcast TV/YT Mixed 2 v X v
SAAVB (Alghamdi et al., 2008) ~96.4 1,033 1 v Script Tel Mixed ~9 v v v
ALGASD (Droua-Hamdani et al., 2010) - 300 1 X Script Rec Ctrl 1 v v v
TARIC (Masmoudi et al., 2017) ~10 108 1 X Conv. Rec Unctrl 1 v X X
STAC (Zribi et al., 2014) 5 ~70 1 X Conv. nY% Ctrl 5 v X X
TunSpeech (Messaoudi et al., 2021) ~10.5 10 1 X Mixed YT/TV/Rec Mixed 2 v X X
Multi-Dialect
ESCWA.CS (Chowdhury et al., 2021) 2.8 - 4 X Conv. Rec Unctrl - v X X
OrienTel (Siemund et al., 2002) - - 6 X Conv. Tel Mixed - X X v
Fisher Lev. (Maamouri et al., 2004) 45 - 4 X Conv. Tel Ctrl - X X X
QASR (Mubarak et al., 2021) 2,000 11,092 5 X Script vV Ctrl 5 X v X
MASC (Al-Fetyani et al., 2023) 1,000 - 23 X Social YT Unctrl 4 v v X
MGB-2 (Ali et al., 2019a) 1,200 - 4 X Script TV Ctrl 12 v v X
MGB-5 (Ali et al., 2019b) 14 - 17 X Social YT Unctrl 7 v v X
BULBUL (Ours) 71.59 275 11 v Mixed Rec Unctrl 11 v v v

Abbreviations: Hrs = total hours with transcription; Spk = number of speakers; Dial = number of major dialect groups; Micro = micro-dialect coverage; Text Src =
text prompt source (Script: scripted text; Conv.: conversational speech; Broadcast; Social: social media); Rec = recording style (Rec: recorded; Tel: telephone
conversations; YT: YouTube; TV); Env = environment (Ctrl: controlled; Unctrl: uncontrolled; Mixed); Dom = number of domains; HV = human verification; Meta =
metadata availability; Acc = accented speech diversity. v = yes, X = no, — = not reported.

countries, of whom 160 were male and 115 were
female. We organized the participants into country-
specific teams, each headed by a leader. The lead-
ers were responsible for collecting and verifying
the raw text, providing guidance to participants dur-
ing recording, and verifying the recorded audio. To
ensure steady progress, we maintained continuous
communication through a dedicated Slack group
for discussions and held weekly meetings to review
progress, present statistics, and address any chal-
lenges. Figure 2 illustrates the pipeline for curating
the BULBUL dataset.

3.1 Data Collection

The dataset collection process was conducted in-
crementally. It initially began with two countries,
Saudi Arabia and Egypt. After establishing the
collection pipeline and validation procedures, addi-
tional countries were gradually incorporated, bring-
ing the total to 11: Algeria (AG), Egypt (EG), Jor-
dan (JO), Morocco (MA), Palestine (PS), Saudi
Arabia (KSA), Sudan (SD), Syria (SY), Tunisia (TN),
United Arab Emirates (UAE), and Yemen (YE). The
resulting dataset includes dialectal Arabic record-
ings and formal Arabic speech, comprising CA and
MSA spoken in participants’ native dialectal ac-
cents. Therefore, BULBUL enables the study of
dialectal and accent-aware speech recognition.

We used the white dialect Lo i)l for seven
countries: Algeria, Egypt, Jordan, Morocco, Pales-
tine, Sudan, and Tunisia. The white dialect 1s a
neutralized variety that blends regional dialectal
features with widely understood MSA while avoid-
ing highly localized vocabulary (Alkhamees, 2023).
It is commonly used in media, cross-regional com-
munication, and formal social contexts within each
country. For Syria and the United Arab Emirates,
we focused on the Levantine i.\3)l and Abu Dhabi
b)) dialects, respectively.

For Saudi and Yemeni dialects, we collected
data at the sub-dialect' level to better capture intra-
country variation. These dialects were selected
based on the availability of sub-dialectal data and
speaker contributions from these regions. The
Saudi dialect is divided into six sub-dialects: Hijazi
(H)) &3, Qatifi (QT) &ixkss, Southern (ST) &, s,
Najdi (NJ) & u<, Hijazi-Badwi (HI-BD) & g0 & 5\,
and Hassawi (HS) & slu>. We combined QT and
HS to represent the Eastern (ES) dialect. For
Yemen, we collected data from two sub-dialects:
Sana’ani (SN) \xwe and Ta’izzi (TZ) .

Text Collection. The text used in our dataset was
collected separately for each Arabic dialect to en-
sure adequate representation of linguistic diver-

!Sub-dialect: a regional variety within a country.
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Figure 2: BULBUL dataset construction pipeline.

sity across regions. For each dialect, texts were
collected from multiple sources, including pub-
licly available datasets (e.g., Casablanca (Talatha
et al., 2024), SADA (Alharbi et al., 2024), and
MADAR (Bouamor et al., 2018)), social media plat-
forms (e.g., Facebook, X, and YouTube comments),
and private communication via platforms, such as
WhatsApp and Telegram. This multi-source col-
lection strategy was designed to capture naturalis-
tic, regionally grounded linguistic variation. For
accented MSA and CA, we used texts from the
Targamat dataset (Kadaoui et al., 2023), consist-
ing of 200 CA samples and 200 MSA samples. In
Appendix B.4, we provide a detailed lexical and
semantic analysis of the collected textual data.

Text Revision. After the initial text collection
stage, we manually reviewed the text to remove
offensive and slang content, politically sensitive
material, and texts that are not aligned with the
targeted dialects. For the tarjamat dataset, the
filtration resulted in 129 MSA and 200 CA sen-
tences. The reviewed texts were then passed to a
pre-processing pipeline before being uploaded to
the recording tool, as described in Appendix B.1.

Domain Classification. We employed GPT-5-mini
to categorize the collected texts into thematic do-
mains. The model was prompted with a struc-
tured domain taxonomy, consisting of 11 prede-
fined categories (Social, Politics, Economy, Re-
ligion, Health, Education, Technology, Entertain-
ment, Sports, Crime, and Other), along with con-
cise definitions for each domain. Appendix B.3
provides details about the domain classification
process and human review.

3.2 Recording Process

The collected texts from all dialects were uploaded
to a recording tool developed using Gradio®. We
organized the text by country and, if applicable,
sub-dialect. We provided participants with written
guidelines (Appendix C) to guide them through
the recording stage. We also recorded an instruc-
tional video to help participants become familiar
with the recording tool and to minimize the risk of
errors. Participants were recruited using different
strategies depending on the country. In Saudi Ara-
bia, volunteers were recruited through an online
volunteering opportunity published on the Saudi
National Volunteer Platform?. For every 10 min-
utes of recorded audio, participants were credited
with one hour of voluntary work. For other con-
tributing countries, the participants were selected
by country leaders.

3.3 Human Sanity Check

We used two levels of revision. The first level is
self-verification, in which the speaker optionally
listens to their own recording before submission
to ensure clarity and alignment with the text. The
second level is external verification, in which a na-
tive member of the corresponding country reviews
the recordings. We provided the reviewers with
written guidelines and a video recording explaining
the verification strategy. The detailed verification
rules are outlined in Appendix C.

“https://www.gradio.app/
3Saudi NVG: https://nvg.gov.sa/home
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4 BULBUL Analysis

Overall Dataset Distribution. Tables 2 and 3
show the statistics of the BULBUL dataset.
BULBUL consists of 36,949 dialectal utterances
recorded over 61.46 hours alongside 2,325 ac-
cented MSA/CA recordings totaling 10.42 hours.
The longest recordings in the dialectal subset are
for the Yemeni (18.97 hours), Saudi (11.89 hours),
and Syrian (8.21 hours) dialects. In contrast, the Su-
danese dialect remains comparatively underrepre-
sented, with less than one hour of recorded speech.
This lower representation is mainly due to the lim-
ited availability of native Sudanese participants dur-
ing the data collection period.

In the accented MSA/CA subset, the highest
durations are observed for Yemeni (2.82 hours) and
Egyptian (2.02 hours) dialects, while the lowest are
observed for UAE (0.02 hours) and Tunisian (0.11
hours) dialects. This imbalance highlights both the
practical challenges of large-scale dialectal data
collection and the need for continued efforts to
expand coverage of lower-resourced varieties.
Sub-dialectal Distribution. As shown in Table 2,
the two countries, further divided into sub-dialects,
are Saudi Arabia and Yemen. In Saudi Arabia,
the largest number of recordings is for the Hijazi
dialect, with 7,120 utterances totaling 10,73 hours.
In Yemen, the Ta’izzi dialect contains nearly twice
as many utterances and approximately 1.6 times as
many speech hours as the Sana’ani dialect.
Cross-dialectal Speech Tempo. To directly as-
sess speaking tempo, we analyze the WPS, which
normalizes the utterance length by duration. Clear
cross-dialectal variation is observed in the dialec-
tal subset, with Egyptian dialect exhibiting the
fastest speech tempo (1.94 WPS), followed by
Jordanian (1.83 WPS), while Yemeni shows the
slowest tempo (1.09 WPS). Interestingly, accented
MSA/CA speech exhibits a higher average tempo
(1.65 WPS) than dialectal speech (1.46 WPS),
suggesting faster, more fluent articulation in the
scripted formal setting. This contrast is particu-
larly pronounced for Yemeni speakers, whose di-
alectal speech has the slowest tempo yet becomes
among the fastest in the accented subset (1.75
WPS). These findings suggest that speaking style,
recording conditions, and linguistic structure all
influence temporal speech characteristics. The ob-
served differences between dialectal speech and
MSA/CA should be interpreted with caution, as
the MSA/CA subset was recorded under different

Table 2: Descriptive statistics BULBUL across countries.
We report the total number of utterances (Utts), total
hours, minimum duration (Min) in seconds, average du-
ration (AvgDur) in seconds, maximum duration (Max)
in seconds, average words per utterance (WPU), and
average words per second (WPS). Saudi Arabia and
Yemen are further divided into subdialects.

Dialect Utts Hrs Min AvgDur Max WPU WPS
AG 1,172 2.21 210 6.78 120.42 10.06 1.48
EG 2,034 3.09 1.74 5.46 34.38 10.58 1.94
JO 3,284 492 1.72 5.39 23.46 9.86 1.83
KSA 7,872 11.89 0.83 5.44 152.34 9.54 1.75
HJ 7,120 10.73 1.02 5.43 152.34 9.51 1.75
HJ-BD 255 0.49 291 6.91 3040 11.35 1.64
ST 307 0.56 2.35 6.56 29.55 9.66 1.47
NJ 761 0.85 1.82 4.02 10.26 8.72 2.17
ES 449 1.01 0.83 8.13 25.26 14.31 1.76
MA 1,169 2.30 2.52 7.10 38.80 11.22 1.58
PS 2,444 3.63 1.14 5.35 47.76 8.27 1.55
SD 577 0.80 1.92 4.98 16.74 6.68 1.34
SY 5,449 821 1.50 5.43 50.82 7.28 1.34
N 1,959 3.34 1.18 6.14 22.98 8.32 1.36
UAE 1,518 210 1.72 4.97 39.81 8.02 1.61
YE 9,470 18.97 1.01 7.21 348.96 7.85 1.09
SN 3,145 738 1.38 8.45 348.96 9.97 1.18
TZ 6,322 11.58 1.01 6.60 300.60 6.79 1.03

Summary 36,949 61.46 0.834 6.00 348960 880 1.46

Table 3: Descriptive statistics of the accented MSA and
CA subset across dialect groups. Dial denotes dialects,
and Utts denotes the number of utterances.

Dial Utts Hrs Min Avg Max WPU WPS
AG 68 0.35 8.28 18.72 40.32 32.68 1.75
EG 447 2.02 4.80 16.27 61.32 26.52 1.63
JO 67 0.28 1.92 15.02 40.43 28.96 1.93
KSA 102 0.40 1.26 14.13 37.49 24.47 1.73
MA 55 0.29 17.58 19.18 48.00 27.82 1.45
PS 418 1.78 4.50 15.36 47.39 26.06 1.70
SD 80 0.41 7.20 18.66 41.52 28.38 1.52
SY 380 1.94 6.00 17.91 46.62 26.44 1.48
TN 22 0.11 11.70 17.75 26.70 29.18 1.64
UAE 6 0.02 6.24 10.42 16.14 16.50 1.58
YE 671 2.82 3.78 15.15 48.78 26.47 1.75

Summary 2,325 10.42 16.234 61.320 26.68 1.65

conditions, including read speech, which may influ-
ence speaking rate. From an ASR perspective, such
tempo variation is important, as faster speech may
challenge temporal alignment and acoustic model-
ing, whereas slower speech may introduce longer
temporal dependencies (Talafha et al., 2024).
QOutlier Analysis. As shown in Table 2, the dataset
exhibits noticeable variability in maximum utter-
ance duration across dialects, with some recordings
substantially exceeding the typical range. For ex-
ample, Yemeni Arabic has a maximum recording
duration of 348,96 seconds, while the Saudi dialect
reaches 152.340 seconds, both significantly higher
than the average segment duration across dialects.
Such long recordings likely represent long scripts.
Gender Distribution. BULBUL exhibits variabil-
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Figure 3: Normalized distribution of male and female
speakers across the represented countries.

ity in gender representation across countries, as
shown in Figure 3. Approximately balanced gen-
der distributions are observed in Algeria (53.3%
female), Jordan (56.0% female), Saudi Arabia
(52.8% male), and Tunisia (55.6% female). Other
countries, such as Sudan, Yemen, Algeria, and the
UAE, show skewed distributions. Sudan includes
only male participants, while the UAE shows a
strong female majority (~89.5%). Although the
recruitment strategy aimed to encourage diversity,
these were recruitment objectives rather than en-
forced demographic quotas. As BULBUL is a
community-driven dataset relying on voluntary par-
ticipation and participant availability, achieving an
equal gender distribution was not always possible
across all countries.

Domain Distribution. To ensure topical diversity,
we analyzed the domain composition of the col-
lected corpus across the 11 participating countries.
Figure 4 shows the overall domain distribution, re-
vealing a strong concentration in the Social domain,
which constitutes the largest portion of the dataset
(65.4%), followed by Economy (15.7%). The re-
maining domains are more sparsely represented,
each contributing a smaller proportion. This im-
balance reflects the natural prevalence of conversa-
tional and socially oriented content in community-
contributed speech data, while still maintaining
broad coverage across topics.

Data Splits. To ensure a robust and fair evalu-
ation of ASR models’ performance on the BUL-
BUL dataset, we rely on the human-verified subset
for development and testing. The total duration
of verified data varies across countries. Thus, in-
stead of enforcing a fixed absolute duration per
split, we divide the verified data within each coun-
try into 50% development and 50% test splits that

Domains
mmm Social: 12118 (65.4%)
m=m Economy: 2916 (15.7%)
mmm Health: 726 (3.9%)
= Religion: 625 (3.4%)
mmm Other: 492 (2.7%)
mmm Education: 441 (2.4%)
= Entertainment: 354 (1.9%)
= Crime: 303 (1.6%)
Technology: 216 (1.2%)
mmm Politics: 203 (1.1%)
Sports: 147 (0.8%)

\

Figure 4: Overall domain distribution across the 11
participating countries.

are speaker-disjoint. Table 9 reports the statistics
of the development and test splits for each country,
including the number of utterances, total duration,
and number of speakers.

5 [Evaluation

Evaluated Models To benchmark BULBUL, we
evaluate a diverse set of state-of-the-art multilin-
gual speech recognition models spanning a wide
range of model scales, including Whisper Large-V3
(Radford et al., 2023), Whisper Large-V3-Turbo
(Radford et al., 2023), SeamlessM4T (Barrault
et al., 2023), massively multilingual speech (MMS)
(Pratap et al., 2024), OmniLLM (team et al., 2025)
(300M, 1B, 3B, and 7B), and OmniCTC (team et al.,
2025) (300M, 1B, 3B, and 7B).

Evaluation Setup To evaluate the models on BUL-
BUL, we used a zero-shot evaluation setup using the
test set without fine-tuning on the BULBUL dataset
or any country-specific subset. The evaluation is
conducted using each model’s default decoding
configuration. These settings allow us to measure
out-of-the-box generalization performance and as-
sess both cross-lingual and cross-accent robustness.
More details are present in Appendix F.
Evaluation Protocol To ensure that the reported
character error rate (CER) and word error rate
(WER) accurately reflect transcription quality, the
same text normalization pipeline was applied to
both the reference and predicted transcripts. The
details are described in Section F.1.

6 Results and Discussion

We evaluate model performance on the BULBUL
test set using WER and CER. Tables 4 and 5 report
the results across all evaluated systems tested on di-



alectal subsets and accented MSA/CA, respectively.
For analysis, we group countries into broader re-
gional dialect categories: Northwest African, Ara-
bian Peninsula, Levantine, and Nile Valley, based
on geographic proximity and established Arabic
dialect classifications.

Overall Results. Overall, Omni-based models
consistently outperform the baseline multilingual
ASR models across regional dialect clusters, with
OmniLLM-7B achieving the best overall perfor-
mance in dialectal speech, with a mean WER of
41.7 and a CER of 12.7. This is because OmniLLM-
7B processes acoustic features through an LLM
decoder, enabling stronger contextual understand-
ing during transcription. This architecture likely
improves the model’s ability to select contextually
appropriate words and generalize more effectively
to previously unseen regional Arabic dialects in
zero-shot settings.

In the MSA/CA data, performance improves
substantially across all models, and OmniLLM-7B
again achieves the best results. This suggests that
dialectal variation poses a greater challenge to mul-
tilingual ASR systems than standardized speech.

Per-dialect Results. The performance varies sub-
stantially across dialects. The Palestinian and
Saudi dialects consistently achieve the lowest error
rates across most models, indicating comparatively
stronger recognition performance. In particular, the
Palestinian subset yields the lowest WER for 9 out
of the 12 evaluated systems. This is likely driven
by the limited domain diversity of the Palestinian
subset, which reduces lexical and semantic vari-
ability, resulting in samples that is easier for ASR
models to transcribe.

In contrast, Algeria and Sudan exhibit the high-
est error rates across most models, reflecting
greater recognition difficulty in these dialects. For
Sudanese Arabic, this may be partly attributed to
the limited availability of public speech datasets.
On the other hand, Algerian Arabic likely poses
greater recognition difficulties due to its substan-
tial lexical and phonological divergence from
MSA, highly non-standard orthographic conven-
tions, and the spontaneous conversational nature
of the speech, which leads to a stronger mismatch
with multilingual ASR training distributions. More-
over, the relatively long average utterance duration
in the Algerian subset may further contribute to in-
creased transcription difficulty, as longer sequences
are more susceptible to cumulative decoding errors

m—Whisperv  mmm MMS18 omnicTc1B
s

camless  mmm OmNILLM7B

WER Gap (%)

AG ™ MA UAE KSA YE Jo SsY PS EG SD
Country / Dialect

Figure 5: Country-level gap between dialectal Arabic
and accented MSA/CA speech. The gap is computed
as dialectal WER minus accented WER; larger values
indicate weaker cross-variety robustness and greater
sensitivity to dialectal variation.

and context drift.

Accented MSA and CA. Table 5 and Figure 5
show that ASR performance improves substan-
tially on accented MSA/CA compared to dialectal
speech, suggesting that the formal linguistic struc-
ture of MSA/CA is generally better aligned with the
models’ training distributions, even when spoken
with regional accents. OmniLLM-7B achieves the
best overall performance, with a mean WER/CER
of 13.3/4.8, followed closely by OmniLLM-3B
(13.7/5.1) and OmniLLM-1B (14.2/5.3), indicating
strong robustness across accent variations. Among
general multilingual foundation models, Seamless
remains competitive (14.4/5.4), while MMS1B per-
forms worst (33.8/9.7). Performance still varies
by accent. Levantine-accented speech yields the
lowest error rates overall, particularly for Syrian-
accented speech, where OmniLLM-7B achieves
8.1/1.7 WER/CER. In contrast, Sudanese-accented
speech remains consistently challenging across all
models, with even the strongest systems exceeding
20% WER. Figure 5 further shows that the robust-
ness gap between dialectal and accented speech
is largest for North African and Yemeni dialects,
indicating that spontaneous dialectal variation intro-
duces substantially greater difficulty than accented
formal speech.

Model Scale. Within the OmniASR-LLM fam-
ily, performance improves almost monotonically
with increasing model size, with larger models con-
sistently yielding lower error rates in both met-
rics. This indicates that increased model capac-
ity enhances robustness to phonetic, lexical, and
acoustic variation. In contrast, the scaling behav-
ior within the OmniASR-CTC family is less stable.
Increasing parameter size does not yield system-



Table 4: Performance of ASR models on dialectal Arabic speech of BULBUL dataset grouped by regional dialect

clusters. Each entry is reported as WER/CER (%).

is the lowest and

is the highest WER/CER per dialect.

Model ‘ Northwest African ‘ Arabian Peninsula ‘ Levantine ‘ Nile Valley ‘ Mean
‘ Algeria Tunisia Maghrib ‘ UAE KSA Yemen ‘ Jordan Syria Palestine ‘ Egypt Sudan ‘

‘WhisperV3 80.5/42.1 48.4/11.7 71.7/33.1 46.8/13.9 26.0/9.7 67.9/31.7 34.9/8.6 58.9/17.9 29.6/9.3 61.6/29.8 65.6/38.5 53.8/22.9
‘WhisperV3T 88.2/46.0 51.2/12.7 67.5/25.2 60.2/19.9 33.3/12.0 79.8/35.3 39.6/10.7  75.2/28.4  34.7/13.0 | 81.6/44.3 83.8/41.7 63.2/26.8
Seamless 69.5/28.0 45.2/10.6 56.1/21.6 | 45.9/12.7  27.4/10.3 62.9/22.5 34.4/8.1 60.1/17.9  26.1/72 | 43.3/16.3 70.9/30.1 49.8/16.6
MMSI1B 88.5/31.7 70.7 /18.8 83.8/29.5 | 72.9/21.0 66.8/22.3 82.3/30.2 71.9/20.8 84.4/28.1 62.4/18.8 84.9/34.0  79.1/27.5 77.1/25.1
OmniLLM300M 66.4/23.8 46.7/11.4 54.0/16.3 53.3/16.7 27.0/8.7 62.5/22.0 35.5/8.6 63.2/20.9 24.8/7.4 51.2/20.1 68.5/27.0 50.8/17.0
OmniLLM1B 60.0/19.2 43.8/10.5  49.1/14.5 46.5/13.3  22.3/7.0 57.1117.7 33.3/7.7 58.4/18.3 19.8/5.4 45.1/17.0 61.0/22.5 45.1/13.9
OmniLLM3B 58.1/19.1 42.7/18.9 48.0/13.9 | 43.6/11.8 19.7/6.5 56.9/16.8 31.6/6.8 56.2/16.8 20.0/5.5 43.1/16.8 59.3/20.5 43.6/13.0
OmniLLM7B 56.1/184 427/10.0 45.3/12.2 | 43.0/10.9 19.6/6.5 545/17.8 30.8/6.8 52.1/14.9 17.8/4.8 40.2/14.3 56.5/19.1 41.7/12.7
OmniCTC300M 76.0/28.6 57.7/18.6  81.5/53.4 | 66.0/259  49.3/21.6  75.9/36.3 51.5/15.0  76.2/30.1 39.0/12.0 | 69.2/30.4  84.0/44.2 | 65.7/28.8
OmniCTCI1B 58.5/15.9 46.2/12.2 60.0/20.6 | 47.2/13.7 26.9/7.9 62.6/23.8 39.0/9.7 60.2/20.2 26.0/7.6 52.6/20.3 65.8/28.7 49.5/16.6
OmniCTC3B 71.1/42.1 52.4/19.5 68.5/39.8 51.5/19.6  30.0/10.3 68.4/32.9 38.8/10.9 65.2/27.5 24.3/6.5 51.6/20.1 70.3/32.2 53.3/23.8
OmniCTC7B 66.3/30.4 51.1/19.8 65.9/38.3 49.4/17.4  28.4/10.1 67.3/30.1 36.3/10.2 61.8/24.4 23.9/6.6 50.1/20.5 71.4/37.1 51.8/22.1

Table 5: Performance of ASR models on accented MSA/CA speech of BULBUL dataset grouped by regional accent

clusters. Each entry is reported as WER/CER (%).

is the lowest and

is the highest WER/CER per dialect.

Model ‘ Northwest African ‘ Arabian Peninsula ‘ Levantine ‘ Nile Valley ‘ Mean
‘ Algeria Tunisia Maghrib ‘ UAE KSA Yemen ‘ Jordan Syria Palestine ‘ Egypt Sudan ‘

WhisperV3 15.4/6.0 24.1/6.7 18.4/7.1 13.3/3.0  15.2/44  14.3/55 | 17.0/45 12.4/58 15.3/6.4 19.0/6.9 34.2/153 19.2/8.0
WhisperV3T 16.4/6.4 25.9/7.2 19.7/1.3 11.2/2.6  16.1/47 15.8/58 | 16.1/3.9 11.8/5.1 14.9/6.2 19.4/6.8  36.2/15.2 | 20.0/7.5
MMSIB 30.6/7.5 45.1/12.3  36.6/9.6 | 21.4/58 27.1/7.3  25.6/6.3 | 36.2/89  23.6/5.1 30.7/1.3 34.4/8.8  44.8/13.7 | 33.8/9.7
Seamless 11.212.9 17.1/5.1 12.1/3.7 | 08.2/1.9  16.9/5.1 10.7/3.0 | 16.5/4.1 9.2/2.3 10.9/3.2 13.1/3.6 23.2/7.7 14.4/5.4
OmniLLM300M | 12.8/3.2 23.3/7.1 14.5/40 | 12.2/3.4  14.5/39 13.0/3.8 18.3/4.7 9.12.2 13.4/3.8 17.7/5.0 27.6/9.0 17.0/6.1
OmniLLMI1B 10.12.4 19.9/5.7 12.8/3.2 | 10.2/24  13.5/40 11.9/34 | 13.5/3.1 7.8/1.8 12.3/3.4 14.4/3.9 23.4/7.8 14.2/5.3
OmniLLM3B 10.2/2.7  18.0/5.0 13.2/3.0 | 11.2/2.6  13.5/4.1 10.2/2.9 | 13.1/3.1 7.9/2.0 10.6/3.1 14.4/3.9 22.1/7.1 13.7/5.1
OmniLLM7B 08.9/2.1 18.5/52  12.9/3.0 | 12.2/28 13.0/3.7 9.4/25 | 123/27 8.1/1.7 10.2/2.5 | 12.7/3.5 21.6/6.3 13.3/4.8
OmniCTC300M | 21.3/5.0 37.6/9.9 27.9/7.5 17.4/3.9  20.9/53 19.3/47 | 26.4/6.3 15.5/3.2  22.5/53 29.9/7.9  39.1/12.5 | 26.9/7.8
OmniCTC1B 13.4/3.2 26.1/7.9 18.7/4.5 14.3/3.6  14.3/39 13.1/3.0 | 16.7/3.8  10.3/2.3 14.1/3.9 18.4/4.8 28.5/8.7 18.3/6.0
OmniCTC3B 11.8/2.7 22.4/6.0 14.9/3.7 11.2/2.8 14.2/39 11.6/2.8 14.6/3.2 9.1/2.0 11.7/2.8 15.9/4.0 24.5/7.2 15.3/5.2
OmniCTC7B 10.6/2.5 21.7/5.3 14.8/3.5 14.3/3.4 14.3/3.7 11.0/25 12.0/2.7 9.0/2.0 10.9/2.4 14.3/3.9 24.3/6.8 15.4/5.1

atic improvements; in some cases, performance
degrades slightly. Notably, omniASR-CTC-1B out-
performs the larger 3B and 7B variants, indicating
that scaling alone does not guarantee gains under
the CTC-based architecture. This implies optimiza-
tion challenges when applying CTC-based decod-
ing at higher parameter counts.

6.1 Error Analysis

We observe recurring error patterns including
phonetically similar substitutions, dialect-driven
phonological mismatches, and distortions of rare
or dialect-specific lexical items. Character-level er-
rors often reflect systematic phoneme-to-grapheme
mismatches, whereas word-level errors are more
common for proper nouns and low-frequency vo-
cabulary. To better understand these failure modes,
we conduct a qualitative analysis of the best-
performing model (OmniASR-LLM-7B) on the test
split, revealing three dominant sources of error.

Phonetically Similar Substitutions. The model
frequently confuses acoustically similar phonemes,
particularly when dialectal realizations diverge
from standard pronunciations. For example, em-
phatic /s”/ () is confused with plain /s/ (_.), pro-

ducing o . instead of - .. Likewise, pharyngeal
/%/ (¢) may weaken in connected speech, leading
to ¢! substitutions. In dialects where /q/ (3) is
realized as a glottal stop /?/, the model often alter-
nates between s and |, as in x4 2ol

Dialect-driven Phonological Variation. Errors
also arise when dialect-specific pronunciation pat-
terns do not align with expected orthographic forms.
For instance, the imperfective prefix may appear
as /b-/ or /bi-/ (Ja vs. Ja), leading to inconsis-
tent transcription. Reduced vowels in fluent speech
can cause deletions, such as transcribing 4,5 as 4.
Similarly, variable realizations of ¢, such as /j/ or
/t[/, result in forms like e\ instead of .

7 Conclusions

In this work, we introduce BULBUL, a large-scale,
community-driven Arabic speech corpus designed
to better reflect the linguistic diversity of the Arab
world beyond dominant dialects and MSA. BUL-
BUL provides a challenging and realistic bench-
mark for Arabic speech technologies under diverse
regional and demographic conditions by cover-
ing 11 countries and fine-grained sub-dialect anno-



tations, resulting in 16 dialects. Moreover, BUL-
BUL includes accented MSA and CA recordings,
enabling analysis of accent transfer and pronunci-
ation variation across standardized speech forms.
Our benchmark evaluation across multiple SOTA
ASR systems reveals substantial performance dis-
parities across countries and dialects, highlighting
that current speech models remain uneven in their
support for underrepresented Arabic varieties. The
lexical overlap and speaking-rate analyses further
demonstrate the significant heterogeneity across
Arabic speech communities, emphasizing the lim-
itations of evaluating models solely on coarse di-
alect categories. By releasing BULBUL, we aim
to support more inclusive Arabic speech research,
enabling future work in dialect-aware ASR, dialect
identification, accent adaptation, and speech gener-
ation for low-resource Arabic varieties.

8 Limitations

Emotionally Neutral Recordings. Due to the ab-
sence of surrounding paragraph-level context, par-
ticipants delivered the sentences in a formal, neutral
tone, as the intended emotional expression could
not be clearly determined. In addition, the partici-
pants were requested to avoid environments with
excessive background noise or overlapping speech
from other speakers. Consequently, the BULBUL
dataset is limited in its applicability to emotion
recognition tasks or speech processing scenarios
involving noisy and unconstrained environments.
Since the collected data were controlled for emo-
tional expression and background noise, the eval-
uation of the proposed models is more closely as-
sociated with dialectical understanding than with
speaker emotion or robustness to environmental
noise.

Country and Gender Imbalance. Some countries
are underrepresented in the dataset, and the gen-
der distribution across dialects is not perfectly bal-
anced. This imbalance is primarily due to the vol-
untary nature of the data collection process. While
this limitation cannot be fully addressed retrospec-
tively, a detailed statistical analysis of the dataset
is provided to characterize these imbalances and
support a more informed interpretation of the ex-
perimental findings.

Sub-Dialect Coverage Limitation. Another limi-
tation is the restricted coverage of sub-dialects. The
Arab region is characterized by substantial dialec-
tal variation, not only between countries but also

within the same country. Comprehensive coverage
of all sub-dialects would require collecting speech
samples from rural and hard-to-access areas, which
presents significant logistical challenges.

Domain Coverage Imbalance. Some country sub-
sets exhibit limited domain diversity due to the
nature of the data collection. For example, the
Palestinian subset is primarily concentrated in the
economy domain, resulting in a narrower lexical
and topical distribution compared to other coun-
try subsets. This limited variation may make the
corresponding test data more homogeneous and po-
tentially easier for ASR models, which should be
considered when interpreting cross-country perfor-
mance differences.

Imbalance in CA and MSA Coverage. MSA and
CA subsets are comparatively limited in size, with
recordings contributed by only a small number of
participants. This results in both speaker imbalance
and reduced diversity in speaking styles, accents,
and acoustic conditions. Consequently, findings
related to CA and MSA should be interpreted with
caution, as the observed performance may not fully
generalize to broader speaker populations.

9 [Ethics and Data Statement

The speech corpus used in this work was collected
from speakers across 11 Arab countries to improve
dialectal diversity in ASR. All participants pro-
vided informed consent for the use of their record-
ings and transcripts for research purposes. The
dataset includes both prompted speech and natu-
rally occurring conversational content, with a sub-
set derived from private chat conversations (What-
sApp and Telegram) voluntarily contributed by
their owners. Only conversations for which ex-
plicit permission was obtained were included in the
dataset.

To protect participant privacy, all conversational
texts were carefully anonymized before recording
and release. Personally identifiable information
(e.g., names, phone numbers, addresses, usernames,
email addresses, organizations, and other sensitive
references) was removed. Only non-identifying de-
mographic metadata, specifically age and gender,
are retained to support research on speaker diver-
sity. No original private chat logs are distributed.
Only the anonymized speech recordings and corre-
sponding anonymized transcripts are released.

The dataset is released under a research-only
license for non-commercial academic use upon



contact with the corresponding author. Users are
expected to comply with applicable privacy regula-
tions and ethical guidelines, and the dataset must
not be used to identify individuals, reconstruct per-
sonal information, or support surveillance or other
harmful applications.

Although the dataset covers multiple Arabic di-
alects and accents, it may still contain demographic
and regional imbalances that could affect model
performance across different speaker groups. We
therefore encourage future work on fairness evalu-
ation and dialect-aware benchmarking. The dataset
is intended solely for academic and research use,
and we discourage applications that may compro-
mise user privacy or enable harmful surveillance.
Overall, this work aims to support more inclu-
sive and representative Arabic ASR systems while
adhering to standard ethical practices commonly
adopted in NLP and speech research.
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Appendix

This appendix provides supplementary material to
support the main findings of this work. It is orga-
nized as follows:

* Appendix A: Related Work
Additional background on multilingual, uni-
dialect, and multi-dialect speech datasets.

* Appendix B: Transcription Content
Further details of the textual samples recorded
in the BULBUL dataset.

¢ Appendix C: Speech Recording
Details of the recording tools and guidelines
used to collect the BULBUL dataset.

* Appendix D: Speech Verification
Detailed explanation of the speech verifica-
tion tools and guidelines used to verify the
recorded speech data.

* Appendix E: Dataset Split
More information on the BULBUL dataset
split.

* Appendix F: Benchmarking Experiment
Setup
Detailed explanation of model configurations,
training settings, computational resources,
and reproducibility details.

A Related Work

Despite significant advances in Arabic ASR mod-
eling techniques, the availability of diverse, high-
quality annotated speech resources remains limited
(Besdouri et al., 2024). Arabic presents unique
challenges due to diglossia, extensive dialectal vari-
ation, and frequent code-switching with foreign lan-
guages. Moreover, existing datasets differ substan-
tially in linguistic coverage, domain focus, annota-
tion standards, and recording conditions, resulting
in fragmented resource landscapes. To contextual-
ize these limitations, we review prior Arabic speech
across multilingual, uni-dialect, and multi-dialect
datasets.

Multilingual Speech Datasets. Multilingual
datasets containing Arabic are essential for lan-
guage identification, mixed-language decoding,
and cross-lingual transfer learning. However, rel-
atively few multilingual datasets incorporate Ara-
bic. The GlobalPhone project (Schultz, 2002) in-

troduced a multilingual speech and text dataset en-
compassing Arabic, collected from Tunisian speak-
ers through prompted newspaper readings. While
the dataset offers clean transcriptions and con-
trolled recordings, it is limited to reading text rather
than spontaneous conversational data. Similarly,
Mozilla Common Voice (Ardila et al., 2020) is a
crowdsourced multilingual dataset containing ap-
proximately 15 hours of Arabic speech with demo-
graphic metadata including age, gender, and accent,
supporting fairness-aware modeling. However, its
dialect distribution depended on volunteer partici-
pation and therefore lacked systematic balance. In
general, while multilingual datasets address cross-
lingual modeling challenges, they tend to prioritize
language interaction over dialectal diversity within
Arabic, limiting their utility for dialect-aware ASR
development.

Uni-Dialect Speech Datasets. Uni-dialect
datasets target a single regional dialect or accented
Arabic variety. Some datasets offer a single
Arabic dialect mixed with another language to
address the Arabic code-switching problem. For
example, FACST corpus (Djegdjiga et al., 2018)
covers Algerian Arabic mixed with French, ArzEn
corpus (Hamed et al., 2021) targets Egyptian Ara-
bic—English code-switching, and TUN-SWITCH
(Abdallah et al., 2023) proposes Tunisian Arabic
speech mixed with French and English. Beyond
code-switching, dialect-specific efforts include
the SAAVB dataset (Alghamdi et al., 2008),
which provides 96 hours of Saudi-accented
MSA from 1,033 speakers, and the ALGASD
dataset (Droua-Hamdani et al., 2010), which
captures regional Algerian diversity from 300
speakers across 11 regions. For Tunisian Arabic,
TARIC (Masmoudi et al., 2017), STAC (Zribi
et al., 2014), and TunSpeech (Messaoudi et al.,
2021) collectively cover spontaneous, broadcast,
parliamentary, and read speech genres. While
these Uni-dialect corpora offer valuable depth for
dialect-specific modeling, their narrow geographic
scope limits generalizability across broader Arabic
dialect families. Moreover, most of these datasets
are collected from broadcast sources, where the
voice is recorded in a controlled environment.

Multi-Dialect Arabic Speech Datasets. Multi-
dialect corpora aim to capture variation across mul-
tiple Arabic dialects, enabling ASR systems that
generalize across regions. One of the earliest ef-



forts, OrienTel (Siemund et al., 2002), contains
telephone recordings from six Arabic countries
with balanced gender representation and diverse
acoustic conditions. The Fisher Levantine Arabic
corpus (Maamouri et al., 2004) further contributes
approximately 45 hours of spontaneous telephone
conversations within the Levantine dialect contin-
uum, covering speakers from Jordan, Lebanon, and
Palestine.

Large-scale broadcast datasets have significantly
expanded multi-dialect coverage. The QASR
dataset (Mubarak et al., 2021) provides approx-
imately 2,000 hours of multi-dialect broadcast
speech crawled from Al Jazeera news channel. The
MGB challenge series (Ali et al., 2017, 2019a; Alj,
2020) introduced standardized benchmarks draw-
ing from broadcast and online media, with later ver-
sions expanding dialect coverage and incorporating
web-sourced recordings. Similarly, the MASC (Al-
Fetyani et al., 2023) offers approximately 1,000
hours of YouTube-sourced speech, covering multi-
ple dialects and topics, though at the cost of vari-
able recording quality and annotation consistency.
The ESCWA.The CS dataset (Chowdhury et al.,
2021) contains Arabic—English code-switching in
a formal setting, drawn from speech collected at
official meetings in Algeria, Tunisia, and Morocco,
alternating between Arabic and French.

Overall, multi-dialect datasets offer broader lin-
guistic coverage than uni-dialect datasets; however,
domain biases toward broadcast speech, uncon-
trolled acoustic variability in web-sourced data, and
inconsistent annotation standards remain signifi-
cant challenges to robust and generalized Arabic
ASR development.

B Transcription Content

In this section, we present further details of the
textual samples recorded in BULBUL.

B.1 Text Pre-processing

To ensure high-quality and consistent textual data,
we developed an automated Arabic text clean-
ing tool tailored for preprocessing raw corpora.
The tool operates on plain text files and applies a
multi-stage filtering pipeline. The tool is deployed
through an interactive Gradio interface, enabling
team members to upload datasets, preview cleaned
outputs, and download processed files, thereby
streamlining the data preparation workflow.

The preprocessing pipeline starts with Uni-

code normalization, removal of Arabic diacritics,
tatweel, RTL marks, HTML tags, parenthetical text,
emojis, and ASCII emoticons, while retaining Ara-
bic letters, relevant punctuation, and Arabic numer-
als. It then normalizes repeated characters, removes
excessive laughter tokens, standardizes whitespace,
and trims leading/trailing punctuation. For the Tar-
jamat MSA/CA subset, additional preprocessing
is applied to remove numerical digits, as speakers
may verbalize the same number differently, intro-
ducing transcription inconsistencies.

B.2 Transcription Samples from BULBUL

To illustrate the linguistic diversity captured in
BULBUL, Table 6 presents representative transcrip-
tion samples from each participating country, along
with their English translations.

B.3 Domain Classification Schema

Domain Taxonomy Definition. To ensure con-
sistent thematic categorization, we defined an 11-
category domain taxonomy covering common top-
ical areas observed in the collected Arabic texts:
Social, Politics, Economy, Religion, Health, Edu-
cation, Technology, Entertainment, Sports, Crime,
and Other. Each domain was associated with a
concise operational definition to guide classifica-
tion and reduce ambiguity between semantically
overlapping categories. The Other category was
reserved for texts that did not clearly align with any
predefined domain and required explicit justifica-
tion. Table 7 presents the full domain definitions
used during annotation. The highest number of
samples were categorized as social. The large pro-
portion of the social domain is primarily due to the
nature of the text collection strategy. A substantial
portion of the collected texts consists of everyday
conversational messages from communication plat-
forms, such as WhatsApp and Telegram, as well
as social media content. We intentionally retained
such texts because everyday social communication
more naturally reflects dialect-specific vocabulary,
expressions, and sentence structures used by na-
tive speakers. In contrast, texts from domains such
as politics, health, and technology often exhibit a
stronger influence from MSA and therefore provide
less dialectal variation.

Prompt strategy. The prompt instructed the model
to assign a single primary domain label, allow-
ing up to two labels only when two domains were
equally related to the text. If the label Other was
assigned, the model was required to provide an ex-



Table 6: Representative transcription samples from
BULBUL across participating dialects, with English
translations.

Dialect  Text

AG Wb loal, 5558 L Dl

You know! Fouzi is a family.

Guys! Let him take his time!

1 will receive my salary from this thing.

KSA Sod ol ol QU b

Open the door I want to talk to you a bit.

MA Ul oad pileg Lo JUs Sl

My card hasn’t arrived yet.

TN by ol Das

It’s been more than half an hour.
PS Ty st ) 53

What changed your mind?

Wishing you a safe journy.

SY ¥ lglons {<JL_€- é‘a o3
What would you like to do?

UAE N u.u‘ I3 RS
Where did you go yesterday?
YE O Las il e o

Excuse me, I want room service.

plicit justification. The model was also prompted to
give a short reasoning statement and a confidence
score between 0 and 1, indicating its certainty. Fig-
ure 6 illustrates the prompt used for domain classi-
fication.

We manually reviewed and verified all instances
with a confidence score below 0.70 to ensure
consistent labeling and reduce potential misclas-
sification. The threshold is selected based on an
initial manual revision of the classification results.

Domain Distribution Statistics. Figure 7 further
examines domain coverage across countries. Most
major domains, including Social, Economy, Health,

Domain Classification Prompt
| You are an expert in Arabic domain classification.

: Task:
| Classify the given Arabic text into one or two domains from the following list:

Health, Ed

I
| Social, Politics, Economy, Religi tion, Technology,

| Entertainment, Sports, Crime, Other
|
1 Domain Definitions:

e Social: Everyday life, family, relationships, social norms, interpersonal
interactions.

e Politics: Government, elections, policy, governance, international
relations.

e Economy: Employment, business, inflation, taxes, finance, cost of
living.

e Religion: Religious teachings, worship, theological discussion,
faith-based guidance.

e Health: lliness, treatment, hospitals, medical or mental health topics.
e Education: Schools, universities, exams, scholarships, academic life.
e Technology: Al, software, programming, apps, cybersecurity, digital
systems.

Entertainment: Movies, music, celebrities, TV, influencers, media
content.

e Sports: Teams, matches, players, competitions, athletic events.

e Crime: Violence, theft, legal disputes, police or criminal incidents.

e Other: Use only if none of the above apply.

Select the primary domain of the text.

Assign one label by default.

Assign two labels only if both are equally central.

If Other is selected, explain why no listed domain applies.

Figure 6: Prompt template used for GPT5-mini domain
annotation.

Coverage
Social 1011

Economy 1011

Health 1011

Religion 1011
Other 1011

Education 10/11

Domain

Entertainment 1011

Crime 811
Technology 811
Politics 7n1

Sports 7n1

SA
Country

Figure 7: Cross-country domain coverage matrix. Filled
markers indicate domain presence, and the rightmost
column reports domain coverage across the 11 countries.

Religion, Education, and Entertainment, are repre-
sented in 10 out of 11 countries, indicating broad
topical consistency across regional subsets. More
specialized domains, such as Crime and Technol-
0gy, appear in 8 countries, while Politics and Sports
are the least represented, each appearing in 7 coun-
tries. Palestine differs from other subsets as it con-
sists exclusively of economically oriented utter-
ances. Overall, these findings demonstrate that de-
spite domain imbalance, the dataset achieves broad
cross-country topical coverage, supporting robust
evaluation under diverse semantic conditions.



Table 7: Domain taxonomy used for text classification.

Domain Definition

Social Everyday life, family, relationships, gender issues, social norms/traditions, gatherings,
interpersonal interactions, and personal opinions about society.

Politics Government, political leaders, public policy, elections, governance, corruption, interna-
tional relations, and political debate.

Economy Money, employment, inflation, poverty, business, investment, taxes, cost of living, and
financial hardship.

Religion Religious teachings, doctrine, worship, religious rulings, theological discussion, and
faith-based guidance. Metaphorical mention of “Allah” alone is not sufficient.

Health Physical health, illness, mental health, medical advice, hospitals, treatment, and public
health.

Education Schools, universities, exams, scholarships, academic life, and learning/teaching pro-
cesses.

Technology Al, programming, software, platforms/apps, gadgets, cybersecurity, and digital systems.

Entertainment Movies, series, music, celebrities, influencers, and TV/media content.

Sports Teams, matches, competitions, players, and athletic events.

Crime Theft, assault, violence, police/court cases, legal disputes, and criminal incidents.

Other Used only when none of the predefined domains apply; a justification is required.

B.4 Lexical and Semantic Analysis

To better capture the linguistic diversity in BUL-
BUL, we conduct a lexical and semantic analysis
across the 11 countries. In addition to cross-country
comparisons, we analyze intra-country variation
for Saudi Arabia and Yemen, which are further
subdivided into sub-dialects.

Table 8: Lexical diversity statistics of the BULBUL
dataset across countries. The table reports the num-
ber of sentences (# Sent.), total number of tokens (Tot.
Tokens), vocabulary size (Size; number of unique to-
kens), type-token ratio (TTR; ratio of unique tokens
to total tokens, measuring lexical diversity), and hapax
proportion (H Prop.; proportion of tokens that occur
only once, indicating lexical richness and sparsity).

Country #Sent. Tot. Tokens Size TTR H Prop.
Algeria 632 6,055 2,811 0.464 0.750
Egypt 1,271 13,283 4,681 0.352 0.728
Jordan 847 8,228 3,207 0.390 0.707
Morocco 1,096 12,165 4,125 0339 0.707
Palestine 1,700 14,031 2,581 0.184 0.550
Saudi 3,082 30,917 9,450 0.357 0.676
Sudan 103 660 499  0.756 0.860
Syria 1,006 6,644 3,637 0.547 0.777
Tunisia 429 3,503 1,949 0.556 0.796
UAE 48 306 191 0.624 0.812
Yemen 4,078 36,285 11,593  0.320 0.624

Lexical Diversity. Table 8 presents lexical di-
versity statistics across countries in the BUL-
BUL dataset. Yemen (4,078 sentences; 36,285 to-
kens) and Saudi (3,082 sentences; 30,917 tokens)
sets contain the largest corpora but show moder-
ate type-token ratio (TTR) values of 0.320 and
0.357, respectively. This reflects expected repeti-
tion in larger datasets despite their large vocabulary
sizes (11,593 and 9,450). In contrast, smaller sub-

sets, such as Sudan (103 sentences) and UAE (48
sentences), exhibit very high TTR values (0.756
and 0.624) and high hapax proportions (0.860 and
0.812), likely inflated by limited data. Countries
with broader thematic coverage, such as Syria
(TTR = 0.547; hapax prop. = 0.777) and Tunisia
(TTR = 0.556; hapax prop. = 0.796), demonstrate
strong lexical richness. Notably, Palestine shows
the lowest TTR (0.184) and a relatively lower ha-
pax proportion (0.550), as expected, since its text is
restricted to a single domain: the Economy. Over-
all, lexical diversity in the dataset is influenced by
both corpus scale and domain heterogeneity.
Cross-Country Lexical Overlap. Figure 8
presents the cosine similarity heatmap based on
TF-IDF representations over the top 100 highest-
variance terms. Overall, the heatmap highlights
identifiable regional clustering patterns along-
side strong cross-dialect distinctiveness across the
dataset. The highest similarity is observed between
Saudi Arabia and Yemen (0.57), which suggests
strong Gulf lexical alignment. Similarly, Jordan
shows high similarity with Palestine (0.52) and
Syria (0.49), forming a clear Levantine cluster.
Some similarity patterns deviate from linguistic ex-
pectations due to dataset composition. For example,
the low similarity between Syrian and Palestinian
dialects is likely due to the domain imbalance.

Semantic Similarity. Figure 9 illustrates cross-
country semantic similarity in the BULBUL dataset.
We used the Arabic-arabert-all-nli-triplet sentence
embedding model to encode each sentence and
computed country-level centroids by averaging sen-
tence embeddings. Because the number of avail-



Cosine Similarity

Figure 8: Lexical similarity heatmap across Arabic di-
alectal corpora in the BULBUL dataset, computed using
cosine similarity between country-level TF-IDF repre-
sentations.

able sentences varied substantially across countries,
we limited our computation by randomly sampling
n sentences per country to avoid corpus-size bias,
where n=48, which is the minimum number of
available sentences across all countries. We re-
peated the procedure five times with different ran-
dom seeds and computed cosine similarity between
country centroids in each run. Then, we reported
the mean similarity matrix across the five runs to
ensure robustness.

The results indicate generally high semantic sim-
ilarity across dialects, mostly greater than 0.75,
which reflects a strong shared semantic backbone
despite dialectal variation. This can also be at-
tributed to the small subset of samples used in our
analysis. A prominent similarity cluster emerges
among Jordan, Egypt, Saudi Arabia, Syria, Tunisia,
and Yemen. However, Morocco shows slightly
lower similarity to the Eastern dialects, consis-
tent with regional divergence. The Palestinian di-
alect exhibits comparatively lower similarity scores
(0.45-0.69), which reflect the topical or lexical
characteristics specific to the dataset. Overall, the
findings suggest that Arabic dialects, while lexi-
cally diverse, remain semantically aligned at the
sentence level.

Sub-dialect Analysis. In the Yemeni dialect, we
identified 1,464 shared vocabulary items between
the Sana’ani and Ta’izzi sub-dialects, including
terms such as "what do you want?" 23k, "ours”

Wi~ and "leave” ~ L. We also observed Sys-
tematic lexical differences between the two sub-

Cosine Similarity

0.0

Figure 9: Mean country-level semantic similarity
heatmap across the countries from the BULBUL dataset,
computed using sentence embeddings from the Arabic
NLI model Arabic-arabert-all-nli-triplet.

dialects. For example, Ta’izzi speakers commonly
use ylals, whereas Sana’ani speakers prefer ;lis
for "because". Similarly, Ta’izzi often uses _ils
for "why", while Sana’ani typically uses .

In the Saudi dialect, many differences between
sub-dialects are not lexical substitutions but pho-
netic or phonological variations. For example, the
word "coffee” 544 is commonly realized as gahwa
(/gahwa/) in Najdi speech. In contrast, southern
Saudi speakers pronounce it as ghawa (/ghawa/),
reflecting dialect-specific phonological restructur-
ing that simplifies the consonant sequence. Al-
though both forms correspond to the same ortho-
graphic word, they exhibit distinct phonotactic pat-
terns, illustrating how Saudi micro-dialects can di-
verge in pronunciation even when vocabulary is
shared.

C Speech Recording

This section presents details of the recording tools
and guidelines used to record speech data for di-
alectal and accented formal Arabic.

C.1 Recording Tools

We employed Gradio to develop a lightweight web-
based annotation interface for dataset collection
and validation. The interface enabled participants
from different countries to record the text corre-
sponding to their country. To ensure high-quality
recording, we added the guidelines within the in-

3https ://www.gradio.app/
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terface. We customized the tool to show each par-
ticipant’s progress and the country’s leaderboard
to motivate the participants. We also allow par-
ticipants to review, trim, and repeat the recording
before saving it and moving to the next sample. A
Skip button is also added to enable participants to
skip the text and move to another sample.

C.2 Recording Guidelines

We provided the participants with guidelines to
ensure a controlled environment. The following
guidelines were provided to the participants:

* Environment: Record in a quiet place and
make sure no other human voices appear in
the recording. Also, avoid loud background
noise that can make the voice inaudible.

* Microphone: It is preferable to use an exter-
nal microphone or headset, as it is typically
clearer than a built-in laptop microphone. If
using a mobile phone, ensure the recording
quality before proceeding.

Speaking Style: Read each sentence clearly
and naturally in your own voice. Do not alter
or replace any words unless they reflect natu-
ral pronunciation variations (e.g., differences
in local pronunciation). If you cannot record
a specific sentence or encounter difficulty pro-
nouncing it, you may use the Skip option to
move to the next sentence.

Editing: You may modify the sentence before
starting the recording.

Saving: After completing a recording, click
Save and Next to save your audio. To re-
record, delete the current recording using the
Delete (X) button. To move to the next sen-
tence without recording, click on Skip.

C.3 Recording Agreement Letter

All participants who volunteered to join this study
were required to agree to the terms outlined in the
consent form presented in Figure 10. The original
consent form was presented to participants in Ara-
bic, their native language; the English translation
provided here is intended solely for clarity.

D Speech Verification

This section presents details of the speech verifica-
tion tools and guidelines used to verify the recorded
speech data for dialectal Arabic.

D.1 Verification Tool

To ensure that all recordings adhere to the estab-
lished guidelines and that the evaluation samples
remain well-grounded, we developed a verifica-
tion tool that enables secondary-speaker oversight
during the recording process. The tool allows re-
viewers to either accept or reject each recording
sample. In cases of rejection, the reviewer must se-
lect from a predefined set of rejection reasons. This
structured process helps ensure that evaluation de-
cisions are justified, consistent, and less susceptible
to reviewer bias.

D.2 Verification Guidelines

Recordings that did not meet any of these crite-
ria were rejected. The reviewer could select one
or more of the following primary reasons for re-
jection: unclear recording, text—audio mismatch,
prolonged silence, dialect mismatch, or other. If
unclear recording was selected, the reviewer was
additionally required to choose exactly one of the
following sub-reasons: the presence of background
noise (e.g., music, urban noise, or audible conver-
sations), more than one clearly audible speaker, no-
ticeable echo, or low volume that made the record-
ing difficult to hear. Additionally, if text—audio
mismatch was selected, the reviewer was addition-
ally required to choose exactly one of the follow-
ing sub-reasons: complete mismatch, partial mis-
match, or minor discrepancies (e.g., one or two
mispronounced words). Recordings rejected due to
unclear recording will be published as a separate
noise set for researchers interested in evaluating
their ASR systems on noisy speech samples.

This tool streamlined the review process by al-
lowing reviewers to systematically evaluate each
sample and select from a predefined set of rejection
reasons. Such a structured workflow helps reduce
bias and improve consistency during evaluation.
If none of the predefined reasons adequately de-
scribes the issue, reviewers can select Other and
provide a free-text comment to justify their deci-
sion and support their assessment.

E Dataset Split Statistics

The experimental results presented in Tables 4 and
5 report the normalized WER and CER obtained
from evaluating different ASR models. In this sec-
tion, we further describe the distribution and com-
position of the evaluation samples to provide a
more comprehensive understanding of the reported



Table 9: Statistics of the dataset splits across dialectal
and accented datasets. We report the number of utter-
ances (Utts), total minutes (Mns), and speakers (Spk).

Dialectal Arabic Accented Arabic
Dev \ Test Test

dial |Utts Mns Spk|Utts Mns Spk | Utts Mns Spk
Algeria | 336 322 4 |303 323 5 55 1752 1
Egypt 385 343 14 | 313 348 16 || 55 1586 1
Jordan 607 569 7 | 726 570 7 27 509 1
Morocco | 151 21.2 2 | 201 204 3 55 1758 1
Palestine | 782 69.1 4 | 750 689 5 55 16.13 1
Saudi 121 9.6 8 | 123 96 8 55 1240 1
Sudan 139 136 5 | 162 132 5 30 1017 1
Syria 996 105.8 8 |[1317 1053 8 55 1811 1
Tunisia | 626 622 2 | 744 722 3 20 576 1
UAE 193 149 2 | 538 380 6 6 1.04 1
Yemen |460 50.0 17 | 476 499 17 || 55 1498 1

metrics.

Table 9 summarizes the number of utterances,
total duration in minutes, and number of speakers
for the development and test splits across the evalu-
ated dialect datasets. The development splits were
primarily used in the error analysis discussed in
Section 4. Table 9 also presents the statistics of
the accented MSA/CA dataset. Due to the limited
availability of speakers capable of recording ac-
cented MSA/CA samples, all recordings for each
country were collected from a single speaker.

F Benchmarking Experiment Setup

Due to computational resource availability, experi-
ments were conducted across multiple computing
environments, including Google Colab and insti-
tutional server machines equipped with NVIDIA
GPUs. The hardware resources utilized in this
work included NVIDIA T4, A100, and H100 GPUs
on Google Colab, as well as RTX 3090, RTX
A6000, and A100 GPUs on servers provided by
the SDAIA-KFUPM Joint Research Center. The
selection of hardware depended on the experiment
scale and resource availability.

All experiments were implemented in Python 3.
Since the evaluated systems consisted of three dis-
tinct ASR model families with different software
requirements and dependencies, separate execution
environments were maintained for each model fam-
ily. On the institutional servers, isolated Anaconda
environments were used to manage dependencies
and ensure compatibility across models, while sep-
arate Google Colab notebooks were configured for
corresponding experimental setups.

The experiments in this work focused exclu-
sively on inference using pre-trained ASR models

without additional training or fine-tuning. There-
fore, variations in hardware configurations primar-
ily affected execution time and resource utilization
rather than transcription quality or evaluation out-
comes. To ensure fair and reproducible compar-
isons, all inference experiments were conducted
using consistent model weights, inference settings,
and software configurations across environments.

F.1 Text Normalization

To ensure that the reported CER and WER accu-
rately reflect transcription quality rather than super-
ficial formatting differences, the same text normal-
ization pipeline was applied to both the reference
and predicted transcripts. First, Unicode normaliza-
tion (NFKC) was performed to ensure a consistent
character representation. Next, Tatweel (-) charac-
ters and Arabic diacritics (Tashkeel) were removed,
as they generally do not contribute to the lexical
meaning of words in Arabic NLP tasks. Arabic-
Indic numerals were then converted to their ASCII
equivalents, and all Alef variants (e.g., | ( ) were
normalized to the standard Alef (1). Finally, punc-
tuation marks and special symbols were removed,
and consecutive whitespace characters were col-
lapsed into a single space after trimming leading
and trailing whitespace.



Consent Form for Data Collection and Usage
This agreement is entered into by and between the participant and the research team from King Fahd University of
Petroleum and Minerals (KFUPM) and Taibah University (hereinafter referred to as “the Universities”). The purpose of
this agreement is to collect, use, and distribute audio recordings to support audio deepfake detection research and other
non-commercial academic pursuits.

1. Purpose of Data Collection. The research team is collecting audio recordings to construct a dataset dedicated to
detecting synthetic voices generated via text-to-speech (TTS), voice conversion (VC), and other generative techniques.
These data will be utilized in scientific and academic research to develop advanced methodologies for deepfake detection
and related non-commercial research.

2. Nature of Collected Data. The participant agrees to provide:
* Audio Recordings: Speech samples in their natural voice or generated by reading specified texts/sentences.
* Optional Metadata: Demographic details such as gender, age group, dialect, and other relevant metadata.

* Modification Consent: Permission to modify, alter, or synthesize their voice using artificial intelligence and
speech processing techniques.

3. Granted Rights. The participant grants the research team the full, royalty-free, and unrestricted right to:
* Record, process, and utilize both their natural voice and any synthetic variants derived from it.

« Distribute the resulting dataset (comprising both natural and synthetic audio) to the broader scientific community
strictly for non-commercial research purposes.

* Publish brief audio samples on professional or academic platforms (such as LinkedIn, X/Twitter, and YouTube) to
promote deepfake research awareness or announce dataset availability.

4. Data Availability and Licensing. The audio dataset (both natural and synthetic components) will be publicly released
under a Creative Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0) license, allowing
researchers to utilize and share the data for non-commercial academic purposes.

5. Privacy and Confidentiality.

* The participant’s name and any directly identifying personal information will remain strictly confidential and will
not be published without explicit written consent.

* To ensure anonymity, each participant will be assigned a unique pseudonymized identifier (ID) within the dataset.

6. Voluntary Participation and Withdrawal.
¢ Participation is entirely voluntary (100%).

e Participants retain the right to withdraw from the study or request the deletion of their recordings at any point prior
to the public release of the dataset.

* Once the dataset is publicly released, removal of the data will no longer be possible due to the decentralized nature
of open-source data distribution.

7. Compensation. The participant acknowledges that participation is voluntary and carries no financial compensation.
The contribution is made solely to support and advance scientific research.

*By creating an account, you explicitly acknowledge that you have read, understood, and agreed to all the terms and
conditions outlined above.

Figure 10: Consent form for data collection and usage.



