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Abstract

Remarkable progress has been made recently in the speech processing of Arabic dialects. This is primarily due to
the availability of large multilingual pre-trained models as well as the development of multiple well-annotated datasets
that support training, fine-tuning, and evaluation of various speech models. However, most existing research on
Arabic speech processing did not consider Automatic Speech Translation (AST) and focused mainly on Dialect
Identification (DI) and Automatic Speech Recognition (ASR) tasks. To address this gap, we introduce WhiteHouse,
the first multi-dialectal Arabic-English Speech Translation Corpus. WhiteHouse supplements the recently created
Casablanca dataset with English translation for each utterance in the transcripts. This results in a three-way parallel
speech-transcription-translation multi-dialectal Arabic dataset. WhiteHouse dataset is used to evaluate various State-
of-The-Art (SoTA) speech translation models. Our experiments show that SoTA speech translation models performs
poorly when evaluated on Arabic dialectal conditions. All the data used during training and testing are released for
public use and further improvements at : https://huggingface.co/datasets/fbougares/WhiteHouse.

Keywords: Arabic dialects, speech translation corpus, speech translation benchmark

1. Introduction

The Speech-to-Text Translation (STT) task aims
to convert a speech in one source language into
text in another target language. Historically, the
STT problem has been solved by cascading an
ASR module, which generates the transcript in the
source language, and an Machine Translation (MT)
module, which translates the transcript into the tar-
get language. This pipeline solution suffers from er-
ror propagation, hight latency and and high training
costs. To address these shortcomings, researchers
have shifted the focus towards end-to-end (E2E)
models that unify these components into a single
trainable model that reduces latency and prevents
error propagation (Duong et al.; Berard et al., 2016).
This approach has gained increasing popularity and
achieved great success (Sung et al., 2019; Salesky
et al., 2019; Zhang et al., 2019).

Since end-to-end models are known to be
severely data-hungry, the performance of the E2E
STT model is highly correlated with the size and
quality of the training corpus. Therefore, sub-
stantial effort has been put into the annotation
of large speech datasets. However, such efforts
were largely concentrated on a small subset of lan-
guages such as English (Di Gangi et al., 2019),
Chinese (Zhang et al., 2021) and French (Ko-
cabiyikoglu et al., 2018). Other previous work in-
troduced multi-lingual speech translation datasets
such as CoVoST (Wang et al., 2020a,b), mTEDx
(Salesky et al., 2021), and FLEURS (Conneau
etal., 2022). Although they made a substantial con-
tribution to advance speech translation for many
languages, the vast majority of low-resource lan-

guages and spoken dialects are left behind with
very limited or not available training and evalua-
tion data sets. The availability of large multilin-
gual speech datasets, on the other hand, allows
researchers to train and investigate the effective-
ness of these all-in-one multilingual systems for
low-resource scenarios. For instance, it has been
shown (Ma et al., 2025) that such a system can
benefit the performance of both high- and low-
resourced languages.

It is also important to emphasize that the nature
of E2E STT systems, which removes the need for
transcription in the source language, is particularly
convenient for spoken languages. In fact, spoken
languages are characterized by the lack of a writing
system and orthographic conventions. This makes
the cascading approach challenging since it relies
on the lexical form of the source language (output
of the ASR system) as an intermediate and input
to the MT module.

The lack of a writing system and orthographic
conventions are exactly the characteristics of Ara-
bic dialects. In reality, Arabic sets out a wide range
of linguistic varieties called Arabic dialects. These
dialects are the spoken informal versions of the
Modern Standard Arabic. They are significantly
different and nearly mutually unintelligible. This
situation poses challenges in adapting technolo-
gies from the Modern Standard Arabic and from
one variety to another. Although significant effort
has been made to build orthographic conventions
for multiple Arabic dialects (Habash and al., 2018;
Zribi et al., 2014; Habash and al., 2015), these con-
ventions are still not widely embraced because of
their lack of details and the absence of automatic

5849

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 5849-5855
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026


https://huggingface.co/datasets/fbougares/WhiteHouse

processing tools, such as adapted grammar and
spell checker.

Despite these challenges, there exist previous
studies that have introduced multiple datasets for
Arabic dialects and developed various dedicated
speech models. The vast majority of these
previous works have been allocated to few tasks,
including Automatic Speech Recognition (Mas-
moudi et al., 2018; Hussein et al., 2021; Abdallah
et al., 2024; Mdhaffar et al., 2024a,b; Djanibekov
et al.,, 2025; Talafha and al., 2025) and Dialect Iden-
tification (Ali et al., 2017, 2020; Shon et al., 2020;
Kulkarni and Aldarmaki, 2023; Elleuch et al., 2025).

Unlike the aforementioned studies, the primary
objective of this work is to address the lack of re-
sources that enable the development and evalua-
tion of E2E speech translation systems for multiple
Arabic dialects. To that end, we supplement the
recently published Casablanca multi-dialectal ASR
dataset with English translation for each utterance
in the transcripts. This resulted in a three-way par-
allel multi-dialectal Arabic dataset named White-
house and used to evaluate multiple multilingual
speech translation models under zero-shot and fine-
tuned conditions. In summary, our contributions
are as follows.

1. We introduce Whitehouse, the first speech
translation dataset that covers eight different
Arabic dialects;

2. We evaluate SoTA multilingual Speech trans-
lation models and report obtained results;

3. We distribute all the annotated data sets to
foster research on dialect speech processing.

2. Related work

Early efforts to develop Arabic dialect speech trans-
lation systems began in 2006 with the DARPA
Spoken Language Communication and Translation
System for Tactical Use (TRANSTAC) programs
(Sanders et al., 2008). The goal of the TRANSTAC
program was to demonstrate capabilities to rapidly
develop two-way speech-to-speech translation sys-
tems that enable speakers of different languages to
communicate with each other in real-world tactical
situations. TRANSAC program focused on English
to/from multiple languages including Iraqgi Arabic.
Work has since continued and several studies and
initiatives have been carried out in order to create
new dialectal Arabic speech translation resources.
The following is a list of datasets that we were able
to identify and that might be used for Arabic dialect
to English speech translation task.

2.1. Callhome Egyptian Arabic Speech
Translation dataset

This data set was introduced in (Kumar et al., 2014)
to support research in Egyptian-Arabic to English
speech translation. This dataset supplements three
existing ASR oriented LDC corpus (LDC97T19,
LDC2002T39 and LDC2002T38) with four refer-
ence translations for each utterance in the tran-
scripts. The speech part of the corpus consists
of telephone conversations between native speak-
ers of Egyptian Colloquial Arabic. The translations
were obtained using crowd-sourcing techniques. In
total, 838 translators participated in this process,
producing 143,568 translations in English.

2.2. ArzEnST

ArzEnST (Hamed et al., 2022) is a code-switched
Egyptian Arabic - English Speech Translation Cor-
pus. This corpus was introduced as an extension
of the ArzEn (Hamed et al., 2020) speech corpus,
which was collected through informal interviews
with bilingual speakers. These interviews were ini-
tially transcribed by Egyptian Arabic-English bilin-
gual speakers. The transcriptions are later trans-
lated into monolingual English and monolingual
Egyptian Arabic sentences by human translators.
This result on a three-way Egyptian Arabic - English
speech translation corpus of 12 hours of speech,
containing 6,216 sentences. This data set was
used to build a cascaded speech translation sys-
tem, where an ASR system is used to transcribe
the speech, followed by MT system that translates
the transcripts.

2.3. UFAL Speech Corpus of North
Levantine Arabic

The corpus contains recordings by the native speak-
ers of the North Levantine Arabic (apc) acquired
during 2020, 2021, and 2023 in Prague, Paris,
Kabardia, and St. Petersburg (Zemanek et al.,
2023). Recordings contain both monologues and
dialogues on the topics of everyday life (health,
education, family life, sports, culture) as well as
information on both host countries (living abroad)
and country of origin (Syria traditions, education
system, etc.). Audio recordings are transcribed
and translated into English by students of Arabic
at Charles University. An additional quality check
is performed by the native speakers of the dialect.
This data set was used to run Dialectal Speech
Translation Shared Task organized for 2024 (Ah-
mad and al., 2024) and 2025 (Abdulmumin and al.,
2025) IWSLT editions.
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2.4. Tunisian Arabic conversational
telephone speech

This data set was introduced during the Interna-
tional Conference on Spoken Language Transla-
tion (IWSLT). It contains 210 hours of transcribed
Tunisian Arabic conversational telephone speech
developed by the Linguistic Data Consortium'
(LDC). A subset of 175 hours of that speech is
translated into English. Speech data are conversa-
tional telephone recordings FLAC-compressed files
in 16-bit 8 kHz PCM format. This corpus was used
to run the Dialectal Speech Translation Shared Task
organized for 2022 (Anastasopoulos and al., 2022),
2023 (Agarwal and al., 2023) and 2025 (Abdulmu-
min and al., 2025) IWSLT editions.

2.5. TEDxTN

TEDxTN (Bougares et al., 2025) is a three-way
code-switched Tunisian Arabic-English Speech
Translation Corpus. This data set is a collection
of 108 TEDx talks that represents 25 hours of
speech with code-switching that cover speakers
with various accents from over 11 different regions
of Tunisia. TEDXTN talks are first collected, seg-
mented, and transcribed using a predefined annota-
tion guidelines. Manual transcription is performed
following a two-stage process. The first stage takes
as input the audio files and produces a segmented
output with an initial transcription systematically re-
viewed during a second validation stage to ensure
compliance with the guidelines and correct inatten-
tion errors. Each utterance in the transcripts was
also manually translated into English with possi-
ble access to the corresponding audio recording in
case of need.

3. WhiteHouse

In this section, we present the WhiteHouse Ara-
bic dialects-English Speech translation Corpus.
This supplements the existing Casablanca (Talafha
etal., 2024) corpus with manual translation for each
utterance in the Casablanca transcripts.

3.1.

Casablanca was recently introduced in (Talafha
et al., 2024), as the largest supervised dataset
for Arabic dialects. Casablanca data set was
built to advance Arabic speech processing,
especially ASR, gender identification, and dialect
identification. It includes a diverse representation
of eight Arabic dialects that contain some dialects
that have not been featured in any previous NLP

Data source

1https://catalog.ldc.upenn.edu/
LDC2025505

research. The data set was created by 15 native
speakers who collected TV series episodes that
represent the dialects of their countries. The
collected episodes are segmented into shorter
utterances, and annotated with orthographic
transcription and gender information. Overall,
the annotation process led to the creation of a
48-hours data set covering eight Arabic dialects,
namely Algerian, Egyptian, Emirati, Jordanian,
Mauritanian (Hassaniya), Moroccan, Palestinian,
and Yemeni. Unfortunately, only the Casablanca
development and test subsets were made vailable?,
with the aim of supporting further research and
innovation in speech processing and linguistic
research targeting Arabic dialects. These subsets
were also used to run the NADI 2025 shared task
(Talafha and al., 2025) for Automatic Speech
Recognition and Spoken Dialect Identification.

Dialect Duration #Segments
Valid / Test Valid / Test
Algeria 0:59:19/ 0:55:03 834 /832
Egypt 0:58:50 / 0:59:12 835/824
Jordan 1:00:01 / 0:58:54 848 /848
Mauritania 0:58:43/ 0:56:15 943 /948
Morocco 1:00:04 / 1:00:23 1,045/ 1,045
Palestine 1:00:00 / 0:58:22 667 / 667
UAE 1:00:08 / 0:55:59 813/813
Yemen 1:00:04 / 1:02:30 803/ 803

Table 1: Duration and number of segments of the
distributed Casablanca valid and test sets.

Table 1 provides the duration details and number
of segments in the validation and test sets for each
dialect. As shown in the table, the validation and
test sets are around 1 hour per country.

3.2. Translation guidelines

Translations for the multi-dialectal Casablanca cor-
pus were performed following the LDC Arabic-to-
English Translation Guidelines (LDC, 2013). In
order to achieve a high-quality dataset, we design
a two-stage translation process: The first stage
takes as input an audio file and its transcription in
the source dialect and produces an initial transla-
tion that may contain transcription errors or may
also not be fully compliant with the translation guide-
line. Translators are asked to use audio recordings
only if the transcription in the source dialect is un-
clear. The output of the first stage is systematically
reviewed during a second validation stage, in which
non-compliance with the guidelines and inattention
errors are corrected.

2nttps://huggingface.co/datasets/
UBC-NLP/Casablanca
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3.3. WhiteHouse corpus statistics

Based on the Casablanca dialectal transcriptions
described in Table 1, we were able to create a multi-
dialectal Arabic speech translation data set. Table
2 shows the number of words in the transcription
and the English translation of each dialectal dataset
(Valid and Test). All counts are reported after re-

moving special tags such as "[music]", "[crying]"

and "[noise]".
Dialect Valid Test

AR/EN AR/EN

Algeria 8,548/11,286  8,032/10,559
Egypt 10,046/13,019 10,116/12,228
Jordan 9,065/12,333  8,804/12,188
Mauritania 10,149/12,531 10,116/12,228
Morocco 11,820/15,218 11,959/15,796
Palestine 8,958/11,809  8,833/11,729
UAE 9,336/12,579  8,766/12,163
Yemen 9,175/12,955  9,359/13,296

Table 2: Distribution of data in WhiteHouse. For
each set, counts represent the number of words
per dialect in the original dialectal transcription (AR)
and the corresponding English translation (EN).

As reported in Table 2, for all dialects we ob-
served a text expansion that is common when trans-
lating Arabic into English due to the structural dif-
ferences between these languages. In fact, Arabic
is a highly concise, root-based language, while En-
glish often requires auxiliary verbs, articles, and
prepositions to convey the same meaning, causing
the volume of text to increase.

4. Speech translation models

We perform a number of experiments on the Valid
and Test splits presented earlier in Table 1. First,
we evaluate various Speech-to-text translation mod-
els under a zero-shot condition. We also evaluated
under few-shot training condition by fine-tuning us-
ing a subset of the validation data of each country.
We have opted for the latter solution because of
the non-availability of speech translation data sets
that cover the considered dialects.

4.1. Pre-trained models

We evaluated the following Speech-to-text trans-
lation models in order to assess their adaptability
and performance across the eight Arabic dialects:

Whisper: OpenAl Whisper is a family of robust
Transformer-based encoder-decoder model trained
for several tasks including speech transcription and
translation into English (Radford et al., 2023). Its
modular design and flexibility make it a great choice

for low-resource scenarios with limited and special-
ized datasets. In this work, we compare the per-
formance of three Whisper model versions (small,
medium, and large-v3) in zero-shot and few-shot
scenarios.

SeamlessM4T: SeamlessM4T is a pre-trained mul-
tilingual model that integrates speech and text trans-
lation into a unified framework (Communication and
al., 2023). The model is able to perform end-to-
end translations in both spoken and written lan-
guages without requiring intermediate transcrip-
tions. SeamlessM4T is training using a very large
linguistically and acoustically diverse dataset that
includes both speech and text modalities. This
enables the model to generalize effectively to low-
resource languages and dialects. In this work, we
used it in zero-shot and few-shot scenarios.
Qwen2-Audio: Qwen2-Audio is a pre-trained
large audio-language model capable of under-
standing information from different modalities (Chu
et al.,, 2024). This model is a combination of
the Whisperlarge-v3 model audio encoder and the
Qwen-7B large language model (Bai and al., 2023)
as its foundational component. Overall, Qwen2-
Audio is an 8.2B parameter audio model that has
been (1) pre-trained using language prompts, (2)
fine-tuned in a supervised fashion using set of high-
quality dataset, and (3) optimized to follow human
preferences. In this work, we used Qwen2-Audio-
7B-Instruct under zero-shot scenario. We decided
to keep Qwen2-Audio for future research because
of the computational resource needed to fine-tune
this large model.

4.2. Experimental Setup

For all experiments, we utilize speechbrain® (Ra-
vanelli et al., 2024) and transformers libraries to per-
form zero-shot decoding and few-shot training. We
resample all audio segments to a 16kHz rate. Zero-
shot whisper experiments are performed using a
single node with Quadro RTX 6000-24GB. For few-
shot fine-tuning, we used a single-node Tesla A100-
80GB GPU. All experimented models are evaluated
with BLEU and chrF++ scores and obtained us-
ing the Sacrebleu toolkit (Post, 2018). Additionally,
scores are calculated using case-sensitive after re-
moving punctuation from the reference and system
outputs. As regards the few-shot experiments, we
split the validation set of each country to keep 15
minutes for validation and use the remaining sam-
ples (around 45 minutes per dialect) as few-shot
samples during fine-tuning experiments. All fine-
tuning experiments are performed for 5 training
epochs and with the defaults parameters of each
used SoTA model.

Shttps://github.com/speechbrain
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Whisper seamless-m4t-v2-large | Qwen2-7B-Instruct

Dialect Small Medium Large-v3

Algeria 25/182 56/23.3 7.6/26.3 6.2/ 23.7 4.0/23.0
Egypt 52/239 14.2/354 16.5/38.2 11.4/32.1 11.8/36.1
Jordan 9.8/30.6 19.0/40.1 19.5/41.6 13.9/35.8 21.2/43.8
Mauritania | 1.5/14.7 3.4/189 3.9/19.8 3.0/19.7 2.1/18.2
Morocco 1.5/148 3.2/20.1 4.0/214 5.2/22.3 2.2/19.1
Palestine | 5.8/27.4 12.2/35.8 13.2/37.0 8.7/28.7 11.7/37.0
UAE 46/214 113/30.3 123/327 6.9/25.4 14.3/36.0
Yemen 41/20.8 9.5/28.6 9.5/30.0 7.7/26.0 6.5/29.5

Table 3: Zero-Shot Speech Translation performances on the Whitehouse test set. Results are reported
in case-sensitive BLEU (1) and chrF++ (1) scores separated by /.

Dialect Whisper-small | Whisper-medium | Whisper-large-v3 | seamless-m4t-v2-large
Algeria 7.1/27.3 12.6/ 34.1 13.2/35.8 9.8/33.3

Egypt 5.2/27.5 11.8/38.5 7.5/33.6 12.1/36.6
Jordan 15.4/38.5 24.1/48.0 25.5/47.2 21.7/44.6
Mauritania 3.8/23.5 7.6/28.7 7.7/29.3 6.5/28.2
Morocco 3.1/21.8 5.2/26.4 8.6/28.6 8.4/29.1
Palestine 11.9/38.0 21.0/47.0 19.6/46.1 17.2/41.5

UAE 10.4/31.1 16.9/40.1 15.4/38.1 14.3/36.3
Yemen 42/25.2 11.0/ 36.1 9.8/34.8 10.9/33.0

Table 4: Few-Shot Speech Translation performances on the Whitehouse test set. Results are reported in
case-sensitive BLEU (1) and chrF++ (1) scores separated by /.

5. Results

Table 3 provides a comparison between different
SoTA speech translation models under the zero-
shot condition. As we can see, all models strug-
gle to achieve good results, showing their inability
to effectively translate from Arabic dialectal input
speech. That being said, we also noted that all the
evaluated SoTA models scores are particularly low
for Algerian, Moroccan, Mauritanian, and Yemeni
dialects. As for Algerian and Moroccan dialects, we
can explain this by the high usage of code-switching
in Algerian and Moroccan as reported in (Talafha
et al., 2024). Results on Yemeni, and Mauritanian
dialects, on the other hands, may be related to the
fact that they are nearly zero resourced dialects.

Compared to the above dialects, the SoTA mod-
els performed significantly better in the Egyptian,
Jordanian, Palestinian, and UAE dialects. We be-
lieve that this is due to their closeness to Modern
Standard Arabic and the availability of previously
developed resources for these dialects.

Across models, results show that Whisper large-
v3 performs better when compared to medium and
small versions. Compared to seamless-m4t-v2-
large and Qwen-7B-Instruct, whisper large-v3 gen-
erally scores also better except for UAE and Jor-
dan where it is outperformed by Qwen2-7B-Instruct
(21.2 compared to 19.5 and 14.3 compared to 12.3
for Jordan and UAE respectively).

As shown in 4, almost all the models benefit

from few-shot learning, although fine-tuning was
performed using only about 45 minutes of training
data for each dialect. An exception to this trend is
observed for Whisper-large-v3 model with Egyptian
dialect. Egyptian zero-shot model achieves 16.5
Bleu points, while the same model performs worse
after fine-tuning and obtains 7.5 Bleu points. An-
other interesting observation, is the scores obtained
with whisper-medium models with and without fine-
tuning. In fact, whisper medium was systematically
worse than Whisper large-v3 under zero-shot condi-
tions. Under few-shot learning conditions, whisper
medium performs better than the large-v3 model
with half of the considered dialects.

6. conclusion

This paper introduces WhiteHouse, a new resource
for Arabic dialects speech translation task. White-
House supplements Casablanca dataset with En-
glish translation for eight Arabic dialects. We eval-
uated several pre-trained SoTA encoder-decoder
and audio-language models. We experimented un-
der zero-shot and few-shot learning conditions and
found that these models are unable to process Ara-
bic dialectal speech effectively. All of our data are
released for public use to enable the reproducibility
of our results. We hope that this data set will fos-
ter research on spoken Arabic dialects, particularly
Arabic dialect speech translation.
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7. Limitations

Whitehouse is an augmentation of the Casablanca
data set created for speech transcription of multiple
Arabic dialects. Therefore, it presents inherently
the same limitations as Casablanca. In addition, it
must be mentioned that Whitehouse augmentation
is limited to the only subsets made available by the
creators of the Casablanca corpus. However, this
limitation could be overcome when the training set
of Casablanca becomes available.
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