Atlas-Chat: Adapting Large Language Models for Low-Resource
Moroccan Arabic Dialect

Guokan Shang'f, Hadi Abdine!’, Yousef Khoubrane*37,
Amr Mohamed!, Yassine Abbahaddou®, Sofiane Ennadir*, Imane Momayiz®,
Xuguang Ren!, Eric Moulines', Preslav Nakov', Michalis Vazirgiannis'®, Eric Xing!

'MBZUAL, 2EMINES-UMG6P, *LINAGORA, “KTH, >AtlaslA, ®Ecole Polytechnique

Abstract

We introduce Atlas-Chat, the first-ever collec-
tion of LLMs specifically developed for dialec-
tal Arabic. Focusing on Moroccan Arabic, also
known as Darija, we construct our instruction
dataset by consolidating existing Darija lan-
guage resources, creating novel datasets both
manually and synthetically, and translating En-
glish instructions with stringent quality con-
trol. Atlas-Chat-2B, 9B', and 27B models,
fine-tuned on the dataset, exhibit superior abil-
ity in following Darija instructions and per-
forming standard NLP tasks. Notably, our
models outperform both state-of-the-art and
Arabic-specialized LLMs like LLaMa, Jais,
and AceGPT, e.g., our 9B model gains a 13%
performance boost over a larger 13B model on
DarijaMMLU, in our newly introduced evalu-
ation suite for Darija covering both discrimi-
native and generative tasks. Furthermore, we
perform an experimental analysis of various
fine-tuning strategies and base model choices
to determine optimal configurations. All our re-
sources are publicly accessible, and we believe
our work offers comprehensive design method-
ologies of instruction-tuning for low-resource
languages, which are often neglected in favor
of data-rich languages by contemporary LLMs.

1 Introduction

Transformer-based Large Language Models have
revolutionized NLP research and beyond, demon-
strating exceptional performance in both natural
and formal language generation (Gunasekar et al.,
2023), and exhibiting advanced reasoning capa-
bilities in arithmetic, symbolic, and logical tasks
(Hendrycks et al., 2020). Despite their success and
the frequent release of new, superior open models
exemplified by LlaMa (Dubey et al., 2024) and Mis-
tral (Jiang et al., 2023), these breakthroughs have
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been concentrated in a few data-rich languages
(Ustiin et al., 2024), assuming access to hundreds of
billions or even a dozen trillions of tokens for train-
ing, often neglecting underrepresented languages.

In this work, we explore the challenges of in-
troducing LL.Ms for low-resource Dialectal Arabic
(DA). The Arabic language has a rich history and
profound cultural significance, featuring an intri-
cate script, extensive lexicon, and complex gram-
mar, making it a unique linguistic entity. Although
interest in developing Arabic-specialized models
has recently been growing, notably led by models
like Jais (Sengupta et al., 2023), AceGPT (Huang
et al., 2024), and ALLaM (Bari et al., 2024), these
efforts primarily focus on bilingualism by balanc-
ing English and Modern Standard Arabic (MSA),
while often neglecting or excluding DA. However,
MSA differs significantly from DA in terms of
morphology, syntax, and other linguistic features.
Moreover, various Arabic dialects also differ con-
siderably from one another. In fact, Arabic dialects
collectively have more native speakers than MSA,
as DA serves as the primary mode of communica-
tion in daily life across various Arabic-speaking
regions (Zaidan and Callison-Burch, 2014). This
asymmetry is due in large part to the fact that DA
poses challenges not encountered with MSA. Some
are related to the lack of essential components for
model development—namely, training data, bench-
marks, and suitable evaluation metrics—but others
stem from the very nature of the linguistic charac-
teristics involved in DA itself more generally.

We take Moroccan Arabic, also known as Darija,
as the focus of our work. Despite being spoken by
40 million people?, Darija remains low-resource.
This is because MSA is used in official domains in
Morocco, while Darija, a blend of MSA, Amazigh,
French, and Spanish, is the vernacular widely spo-
ken in daily life. Although Darija, previously only
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an oral language, has recently developed a written
form through the proliferation of social networks
and increased access to technology, it still lacks
standardization and established grammatical or syn-
tactic rules due to its recent emergence (Gaanoun
et al., 2024). Moreover, Darija can be represented
in two forms: Arabic script or Latin script (also
known as Arabizi). For example, the Darija transla-
tion of “How are you?” can be written as: “kidayr?”
or “Y » 1.8, These challenges underscore the need

for models tailored to this linguistic context.

To the best of our knowledge, we are the first to
introduce modern LLMs specifically developed for
Moroccan Arabic, as well as for DA in general.
We first constructed the Darija-SFT-Mixture?
dataset, consisting of 458K instruction samples,
by consolidating existing Darija language re-
sources, creating novel datasets both manually
and synthetically, and translating English instruc-
tions under strict quality control. We then de-
veloped a comprehensive evaluation suite includ-
ing benchmarks: DarijaMMLU, DarijaHellaSwag,
DarijaAlpacaEval, and DarijaBench, to assess
LLM capabilities in real-world knowledge, follow-
ing Darija instructions, and performing traditional
NLP tasks such as translation, summarization, and
sentiment analysis. In the end, Atlas-Chat models?,
fine-tuned from the Gemma 2 models (Team et al.,
2024) on our instruction dataset, exhibit superior
ability in Darija, surpassing both state-of-the-art
and Arabic-specialized LLMs like LLaMa, Jais,
and AceGPT, according to automatic metrics and
simulated win rates. Additionally, we conduct an
experimental analysis of various fine-tuning strate-
gies and base model choices to determine final
configurations. We provide some examples by chat-
ting with our models in Appendix D. All our re-
sources are publicly accessible, and we believe our
work offers comprehensive design methodologies
of instruction-tuning for low-resource languages.

2 Related Work

Arabic-specialized LLMs. Recent efforts in

Arabic-specialized LLMs mainly focus on MSA.
Jais (Sengupta et al., 2023), a 13B-parameter

model trained on 395B tokens of Arabic, English,

3https://hf.co/datasets/MBZUAI—Paris/
Darija-SFT-Mixture
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and code data. Containing 116B Arabic tokens—
25% of which were translated from English—1Jais
was designed to enhance performance in both
Arabic and English tasks, trained on a mixture
of the two languages in a 1:2 ratio. However,
this approach may suffer from localization issues.
AceGPT (Huang et al., 2024) aims to address lo-
calization issues by pre-training LLaMA 2 (Tou-
vron et al., 2023) 7B and 13B models on 30B and
10B token mixtures, respectively, of Arabic and
English data, with the Arabic portion dominating
the dataset. The models were then fine-tuned on
Arabic instructions and aligned with Arabic val-
ues and culture using RLAIF (Lee et al., 2023).
They further introduced the Arabic Cultural and
Value Alignment dataset, comprising 8,000 yes-
no questions. ALLaM (Bari et al., 2024) demon-
strated that second-language acquisition can steer
the model towards a new language without catas-
trophic forgetting, even with random initialization
of weights. They hypothesize that low-resource
languages are diluted in large volumes of high-
resource languages, and pre-train a 7B model from
scratch on 4T English tokens, followed by training
on a 1.2T mixture of Arabic and English.

Regarding Darija, DarijaBERT (Gaanoun et al.,
2024) is currently the only “LLLM” dedicated to
the Moroccan Arabic dialect. The model was
trained on ~100M tokens. However, DarijaBERT
is encoder-only, and no decoder-only models have
been developed for Darija.

Arabic benchmarks for LLMs. Several Arabic
benchmarks have been created for various tasks.
ArabicMMLU (Koto et al., 2024) is an Ara-
bic adaptation of the original MMLU bench-
mark (Hendrycks et al., 2020), consisting of 14K
multiple-choice questions across 40 tasks in MSA.
The benchmark covers a wide range of subjects, in-
cluding history, mathematics, science, and linguis-
tics, reflecting educational levels from eight differ-
ent countries. LAraBench (Abdelali et al., 2024),
a benchmark designed for evaluating MSA LLMs
on several practical NLP tasks, such as sentiment
analysis, named entity recognition, and machine
translation, spanning 33 tasks across 61 datasets en-
compassing ~ 296 data points. The Open Arabic
LLM Leaderboard (OALL)’ aggregates various na-
tive and translated Arabic benchmarks to evaluate
models’ performance across tasks such as reading
comprehension, reasoning, and more.

Shttps://hf.co/blog/leaderboard-arabic
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LLMs for Low-resource languages. Recent devel-
opment is shifting towards low-resource languages.

Multilingual Aya model (Ustiin et al., 2024)
was developed by instruction-tuning mT5, a 13B
encoder-decoder model pre-trained on 1T tokens
across 101 languages. Of these, 51 are low-
resource languages, including Hausa, Icelandic,
and etc. Other efforts include InkubalLM (Tonja
et al., 2024), a 0.4B model pre-trained from scratch
on 2.4B tokens from five low-resource African
languages—Hausa, Yoruba, Swahili, isiZulu, and
isiXhosa—along with English and French, then
fine-tuned to follow instructions on several tasks.
Another line of research targets a subcategory of
main languages with limited resources, such as the
Claire model (Hunter et al., 2023; Louradour et al.,
2024), dedicated to spontaneous French dialogue.

Despite advancements, little attention has been
given to developing LLMs and benchmarks for DA.

3 Data Overview

In developing Atlas-Chat, we chose to use
instruction-tuning on a base model rather than train-
ing from scratch. This decision was primarily
driven by the fact that training an LLM from the
ground up requires extensive data, which is not
readily available for Darija, a low-resource dialect.
For the same reason, our training process does not
include the additional continual pre-training phase
typically seen in many language adaptation efforts.
However, to mitigate this limitation, we designed a
synthetic instruction dataset (see Section 5.3) that,
to some extent, mimics the next-word prediction
task over a relatively longer context, typically per-
formed during (continual) pre-training.

Moreover, recent studies show that multilingual
LLMs often exhibit a bias toward internally solv-
ing tasks in English, even when trained on multiple
languages (Zhao et al., 2024), and perform best
with English prompts, followed by mixed prompts,
while non-English prompts significantly underper-
form (Kmainasi et al., 2024). This observation led
us to limit the scope of our work to a monolin-
gual LLM, making Atlas-Chat Darija-centric. We
focus on developing a model that accurately under-
stands prompts written in Darija, generates Darija
content, respects its cultural context, and remains
accessible and adaptable for native speakers.

Therefore, we directed our efforts towards cre-
ating an extensive and diverse Darija dataset for
instruction-tuning. Table 1 summarizes the com-
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position of our Darija-SFT-Mixture dataset. We
employed a multifaceted approach to data prepara-
tion. First, we reviewed previous research in Darija
NLP and collected the majority of available na-
tive Darija datasets that met our quality standards.
The data selection rule established by native speak-
ers was as follows: if the data is a mix of Darija
with some MSA, it is acceptable; if it is mixed
with other dialects, it is not. In total, ten datasets
covering tasks such as translation, summarization,
and sentiment analysis were selected. Second, we
synthesized high-quality instruction data using ad-
vanced proprietary models, drawing on sources
such as Wikipedia pages, social media posts, and
stories written in Darija. We then converted the na-
tive and synthetic datasets into training instructions
using templates, with 80% formatted as zero-shot,
10% as few-shot (Longpre et al., 2023), and 10%
as multi-turn samples. Third, we translated high-
quality English instruction datasets into Darija with
stringent quality control to expand the range of sce-
narios, domains, and tasks covered by our dataset.
By combining these different sources, we aimed
to enhance the model’s ability to understand and
generate Darija across various contexts.

4 Native Darija Instruction Datasets

4.1 Machine Translation

We collected three existing datasets containing sen-
tence translations between Darija, MSA, English,
and French, including MADAR (Bouamor et al.,
2018), NLLB-Seed (Maillard et al., 2023), and
FLORES+ (Costa-jussa et al., 2022). Further de-
tails can be found in Appendix C.6. These datasets
were then converted into training instructions using
the templates provided in Appendix A.1. Since our
model is Darija-centric, we consider six translation
directions: Darija to English, French, MSA, and
vice versa. All instructions are written in Darija.
Additionally, we introduced DODa-10K® based
on the DODa corpus (Outchakoucht and Es-
Samaali, 2021, 2024)7. We augmented the first
10K examples of the Darija-English parallel cor-
pus from DODa, with MSA and French translated
from the English text, by leveraging GPT-4. The fi-
nal dataset includes translation quintuples between
Darija (in both Arabic and Latin scripts), MSA, En-
glish, and French. The dataset was then extensively
reviewed by native speakers to ensure the quality.

6https: //hf.co/datasets/MBZUAI-Paris/DoDa-10K
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Subset # Samples Source Description

§ 4.1 Translation 85,662 DODa-10K, FLORES+, Darja to English, French, MSA and vice-versa
MADAR, NLLB-Seed

§ 4.1 Transliteration 16,920 DODa-10K Darija in Arabic Script <+ Latin Script

§ 4.2 Sentiment Analysis 86,212 MSAC, MSDA, MAC Sentences labeled as Positive, Negative, and Neutral
ElecMorocco2016, MYC

§ 4.3 Summarization 16,756 MArSum Article titles as summaries

§ 5.1 MW-QA 30,555 Wikipedia Synthetic dataset from Moroccan Wikipedia pages

§ 5.2 MSM-MG 11,808 Social Media Synthetic dataset from Tweets and YouTube comments

§ 5.3 Story Completion 48,983 9esa.com Stories converted to a dataset with part of the story as a

prompt and the continuation as a response
§6 TULU-Darija 161,259 TULU-V2-Mix Translated TULU-V2-Mix after filtering
§ C.1 Hard Coded 130 Manual Annotation Identity/creator-related questions

Table 1: Composition of our Darija-SFT-Mixture instruction-tuning dataset.

In addition to translation, to enhance the model’s
ability to convert between Darija in Arabic and
Latin scripts (also known as the transliteration
task), we transformed 10K parallel forms into in-
structions using templates found in Appendix A.2.

4.2 Sentiment Analysis

We collected five datasets for sentiment analy-
sis, whose content is primarily sourced from so-
cial networks, including MSDA (Boujou et al.,
2021), MSAC (Oussous et al., 2018, 2020), Elec-
Morocco2016 (Elouardighi et al., 2017), MYC
(Jbel et al., 2024), MAC (Garouani and Kharroubi,
2021). Two datasets come with three labels (pos-
itive, negative, and neutral), while the other three
have two labels (positive and negative). Further de-
tails can be found in Appendix C.6. These datasets
were then transformed into training instructions
using templates from Appendix A.3.

4.3 Automatic Summarization

We found only one dataset for summarization:
MArSum (Gaanoun et al., 2022). Further details
can be found in Appendix C.6. The documents and
summaries were converted into instructions using
the template in Appendix A.4.

5 Synthetic Darija Instruction Datasets

5.1 MoroccanWikipedia-QA

MW-QA? is a dataset derived from Moroccan
Wikipedia dump®, developed in our work to en-
hance the models’ question-answering (QA) capa-
bility. The dataset is divided into four tasks: Open
QA (8%), Multiple-Choice QA (40%) (MMLU-
alike), Extractive QA (10%), and Multiple-Choice

8https://hf.co/datasets/MBZUAI-Paris/
MoroccanWikipedia-QA
*https://dumps.wikimedia.org/arywiki/latest/
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Extractive QA (42%) (Belebele-alike), with each
percentage reflecting the proportion of Wikipedia
pages used for the respective task. The latter two
tasks provide context along with the questions,
whereas the former two do not. In Open QA and
Extractive QA, answers are provided in sentence
form. In the multiple-choice tasks, four answer
options are presented, with the index of the correct
option serving as the answer. The distribution of
correct answers (e.g., A, B, C, D) are balanced.
The QAs were converted into instructions with the
template in Appendix A.5.

The dataset generation involved providing each
Wikipedia page to Claude 3.5 Sonnet'? and prompt-
ing it to generate QA pairs tailored to the four task
categories. The prompts followed a one-shot or
two-shot format to ensure that output adhered to
the desired structure. For the extractive tasks, rather
than splitting the page into paragraphs—an ap-
proach that risked losing contextual meaning—we
opted to present the entire page to Claude. The
model was instructed to first extract a meaningful
passage from the page and then generate a QA pair
based on the content of that passage. Also, the
model was directed to ensure that the extracted pas-
sages were long, self-contained, and did not lose
meaning when removed from their original context.

A total of 8,730 pages were collected and pre-
processed. Among these pages, some followed a
uniform structure, typically consisting of a brief
description of a village or community with statis-
tical data (e.g., literacy rates and unemployment
figures). Given that these statistical sections could
become meaningless when extracted from their
context, they were allocated to non-extractive tasks,
which could still utilize the statistical information
to enrich the fine-tuned model’s knowledge base.

10https: //www.anthropic.com/news/
claude-3-5-sonnet
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The final distribution of QA pairs is as follows:
15.7% Open QA, 43.1% Multiple-Choice QA, 6.9%
Extractive QA, and 34.3% Multiple-Choice Extrac-
tive QA. These percentages differ from the initial
page distribution because Claude generated vary-
ing numbers of samples for each task. For example,
the average number of samples generated for Open
QA is 7.73, while for Extractive QA, it is 2.72.

5.2 MoroccanSocialMedia-MultiGen

MSM-MG!!, a dataset introduced as part of this
work, comprises 12,973 pairs of native Darija so-
cial media posts (tweets and YouTube comments)
and their synthetic counterparts, covering various
NLP tasks. The pairs were converted into instruc-
tions using the template provided in Appendix A.6.
The synthetic generations are created based on
six specific tasks: Continuation, Reply, Summariza-
tion, Rephrasing, Explanation, and Safe Response,
by prompting Claude 3.5 Sonnet to respectively
consider the original post as incomplete and con-
tinue it, reply to it, summarize its content, rephrase
it, explain its topic, and respond safely to poten-
tially offensive content. 9,754 Tweets were em-
ployed for the first five tasks, while 3,219 YouTube
comments were utilized for the last task. The posts
were collected from three sources:
QADI (Abdelali et al., 2021)'?: From this Ara-
bic dialect identification dataset, 12,813 Moroccan
tweets were initially sampled. After a thorough re-
view by native speakers, tweets that were no longer
accessible or contained non-Darija Arabic dialects
were filtered out, resulting in 6,362 valid tweets.
Twitter API: 4,226 tweets were gathered directly
from the Twitter API by searching for Darija-
specific keywords. The DarijaBERT work iden-
tified 31 keywords exclusive to Darija, but upon
review, five were found to also exist in other Ara-
bic dialects and were excluded. The remaining 26
keywords can be found in Appendix C.2.
OMCD (Essefar et al., 2023)!3: This is a dataset
for offensive content identification collected from
Moroccan YouTube comments. For our work, only
comments labeled as offensive from the training
split were selected. We then utilized these offen-
sive comments for the generation of synthetic safe
responses specifically.

11https://hf.co/datasets/MBZUAI—Paris/
MoroccanSocialMedia-MultiGen

2https://github.com/qcri/QADI

13https://github.com/kabilessefar‘/
OMCD-0ffensive-Moroccan-Comments-Dataset
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5.3 DarijaStory-Completion

To mitigate the limitation of performing only
instruction-tuning for language adaptation without
the typical continual pre-training phase—due to
the lack of sufficient amount of Darija pre-training
data—we designed a synthetic story completion
dataset, aiming to enhance the next-word predic-
tion capability in Darija for our models over a rel-
atively longer context. First, we collected 4,392
long stories from 9esal?, a website featuring a rich
collection of various stories entirely written in Dar-
ija. We denote this dataset as DarijaStory!>. The
scraped stories were then divided into segments of
approximately 2,048 tokens, adhering to the base
model tokenizer’s vocabulary. The segments were
further divided into two parts of varying lengths:
the beginning part and the ending part to be com-
pleted. For the two segmentation steps above, the
split point is preferably placed at line breaks. Fi-
nally, the pairs were converted into instructions
using the template provided in Appendix A.7.

6 Translated English Instruction Datasets

Finally, we broadened our instruction-tuning data
by translating English datasets into Darija, to cover
a wider array of scenarios, domains, and tasks.
We began by reviewing the most widely used
datasets for fine-tuning state-of-the-art models to
ensure that our translation efforts would lead to
meaningful improvements. After careful consider-
ation, we decided to focus on the TULU-V2-mix
(Ivison et al., 2023)!6 dataset for several reasons.
It offers a comprehensive dataset composition, in-
cluding samples from some of the most widely
used datasets, such as FLAN and ShareGPT, for
fine-tuning state-of-the-art models. Appendix B.1
presents descriptions of each of these datasets and
describes how the subset was sampled. The dataset
mixture was meticulously designed based on ab-
lation studies of both human-annotated and Al-
generated data, with a focus on complexity and
diversity. Models fine-tuned on it showed signifi-
cant improvements in overall performance on key
benchmarks compared to those trained on individ-
ual datasets. We adopted the user-assistant message
format from TULU-V2-mix (see Appendix B.2) to
structure our entire Darija-SFT-Mixture dataset.

14https://www.9esa.com

15https://hf.co/datasets/MBZUAI—Paris/
DarijaStory

16https://hf.co/datasets/allenai/
tulu-v2-sft-mixture
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To ensure quality, we first filtered out instruc-
tions from TULU-V2-mix that are either inappro-
priate for typical Darija speakers or could lose
meaning or coherence when translated, such as sci-
entific content, translation tasks, and non-English
samples. We then experimented with several open-
source and closed-source models for English-to-
Darija translation, including NLLB (Costa-jussa
et al., 2022), GPT, and others. Our results showed
that closed-source models consistently outper-
formed open-source alternatives, with Claude 3.5
Sonnet emerging as our final choice. Finally, we
implemented several post-processing measures to
correct errors introduced by the automatic transla-
tion. All details are provided in Appendix B.3.

7 Training Details

In this section, we outline the training details and
present the experimental analysis of various fine-
tuning strategies and base model choices that in-
formed our final settings.

Base model selection. Initially, we considered the
two Arabic models: Jais and AceGPT (as ALLaM
is not open-weights). Later, we included Gemma
2 based on positive feedback from Arabic LLM
community, as it can serve as a strong starting point
for Arabic fine-tuning tasks. We also compared
the performance differences between fine-tuning
on an instruction-tuned model and a base model.
Our results indicate that continual fine-tuning of
instruction-tuned Gemma 2 models (Gemma-2-2B-
It, 9B-1t!7, and 27B-It) yields significantly higher
scores than other settings on our dataset.

Training framework. We also investigated the per-
formance differences between full fine-tuning and
parameter-efficient approaches. Results indicate
that the latter, with Low-Rank Adaptation (LoRA)
(Hu et al., 2021), proved to be more effective,
whereas full fine-tuning resulted in catastrophic
forgetting (French, 1999). This is supported by the
recent work of Biderman et al. (2024), that shows
LoRA exhibits a desirable form of regularization:
it better maintains the base model’s performance
on tasks outside the target domain, and it also helps
maintain more diverse generations.

Hyperparameters. LoRA was set with rank 256
and alpha 128. We run the training for 3 epochs,
and set the learning rate to 5e-5 with warmup ra-
tio of 3%, and per_device_train_batch_size to 4,

"https://hf.co/google/gemma-2-9b-1it
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with gradients accumulated over 4 steps.The maxi-
mum input context length was configured to 2048.
We used bfloat16 to optimize training speed. The
loss is computed only on the responses, not on the
prompts of instructions. The Atlas-Chat models
were trained on 8 Nvidia A100 80 GB GPUs in par-
allel, utilizing FSDP strategy on AWS SageMaker.

8 Evaluation Benchmarks

To evaluate LLM performance in Darija, we devel-
oped a comprehensive suite that includes bench-
marks such as DarijaMMLU, DarijaHellaSwag,
DarijaAlpacaEval, and DarijaBench. Additionally,
we evaluated using an existing benchmark, Bele-
bele. All our custom benchmarks are integrated
into a fork!® of the LM-Evaluation-Harness repos-
itory (Gao et al., 2024) to ensure reproducibility
and foster future model comparison.

DarijaMMLU'. It is constructed by translating
two major benchmarks into Darija from English
and MSA: Massive Multitask Language Under-
standing (MMLU) (Hendrycks et al., 2020)?° and
ArabicMMLU (Koto et al., 2024)?!, whose subsets
that were either too technical (beyond typical user
needs) or culturally inappropriate for the Moroc-
can context were excluded. The remaining samples
were translated into Darija using Claude 3.5 Sonnet.
The benchmark consists of 22,027 multiple-choice
questions, with the number of choices ranging from
2 to 5. The subsets we selected are listed in C.4.

DarijaHellaSwag?’. HellaSwag?® (Zellers et al.,
2019) is a multiple-choice dataset designed to eval-
uate machine reading comprehension and common-
sense reasoning. It presents complex scenarios
where models must select the most plausible contin-
uation of a passage from four options, challenging
nuanced language understanding and contextual
inference. Using Claude 3.5 Sonnet, We translated
the HellaSwag validation set into Darija.

Belebele_Ary. Belebele (Bandarkar et al., 2024)**
is a multiple-choice machine reading comprehen-
sion dataset designed to evaluate both monolin-
gual and multilingual models across 122 languages.

Bhttps://github.com/MBZUAI-Paris/
Im-evaluation-harness-atlas-chat
19https://hf.co/datasets/MBZUAI-Paris/
DarijaMMLU
2Oht’cps://hf.co/datasets/cais/mmlu
Uhttps://hf.co/datasets/MBZUAL/ArabicMMLU
Zhttps://hf.co/datasets/MBZUAI-Paris/
DarijaHellaSwag
23https://hf.co/datasets/Rowan/hellaswag
Zhttps://hf.co/datasets/facebook/belebele
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Each question is paired with a brief passage and
offers four multiple-choice answers. For our work,
we specifically used the Ary_Arab (indicating Mo-
roccan Arabic) subset of Belebele.

DarijaAlpacaEval®. Claude 3.5 Sonnet was
prompted to translate and culturally adapt the Al-
pacaEval dataset (Li et al., 2023) into Darija, to
evaluate the instruction-following capabilities and
cultural alignment of LLMs in Darija. The dataset
consists of 805 instructions, focusing on culturally
relevant content tailored to the Moroccan context.
More details about the dataset creation and evalua-
tion method can be found in Appendix C.3.

DarijaBench?®. In addition to the above bench-
marks, we evaluated with the test sets from the
native Darija datasets (see Section 4). Typically,
10% of each subset is reserved for testing, unless
the original source provides a pre-defined separate
test set. The test sets for the three tasks collectively
are referred to as DarijaBench.

9 Results

Evaluation measures. We employed Accuracy to
evaluate models on multiple-choice benchmarks,
including DarijaMMLU, DarijaHellaSwag, Bele-
bele_Ary, and the discriminative sentiment analy-
sis task within DarijaBench. For translation and
summarization tasks, we adopted the conventional
BLEU (Papineni et al., 2002) and ROUGE-1/L
(Lin, 2004), respectively. However, since these met-
rics are based on n-grams, they are not well-suited
for assessing Darija. For example, the same word
in Darija can be written in multiple ways ("How
are you?" =", W= "Ji\v\:f' = "J.J.‘J J/H) due to

the lack of standardization (e.g., diacriti.és, aggluti-
nations, borrowings), making them overly rigid in
cases where slight variations still convey the same
meaning. To gain a more fine-grained insight, we
also included chrF (Popovi¢, 2015), operating at
the level of character n-grams. In addition, to cap-
ture higher-level semantic similarity, we also used
BERTScore (Zhang et al., 2019), with DarijaBERT
as the reference model for summarization, and mul-
tilingual BERT?’ for translation. These evaluations
were conducted in a zero-shot setting using greedy
decoding, and some in a few-shot setting. The

Shttps://hf.co/datasets/MBZUAI-Paris/
DarijaAlpacaEval

26https://hf.co/datasets/MBZUAI—Paris/
DarijaBench

27https://hf.co/google—bert/
bert-base-multilingual-cased
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number of few-shot examples was chosen based on
relevant literature and standard practices.

For summarization evaluation, we also employ
the LLM-as-a-Judge approach (Zheng et al., 2023),
where a model judges the preferred summary be-
tween a reference and a generated one, based on
predefined criteria. We report the win-rate, defined
as the percentage of instances where the generated
summary is chosen over the reference. Detailed
information on the judge model, prompt, bias mit-
igation, and selection criteria is in Appendix C.5.
DarijaAlpacaEval employs the same approach as
LLM-as-a-Judge, where we choose Jais-13B-Chat,
the first Arabic-specialized LLM, as the reference.
For these two evaluations, we applied the default
sampling-based decoding.

Baseline models. We compared Atlas-Chat with
instruction-tuned models from new Jais series (in-
cluding the -family models trained from scratch
and the -adapted ones based on LLaMA 2), along
with AceGPT, LLaMA 3.1, 3.2, and Gemma 2 (our
base model). Given that Atlas-Chat features 2B,
9B, and 27B sizes, we extended our comparison
to the closest larger-sized model above 27B when
available, while included all smaller-sized ones.

Zero-shot performance. The evaluation results in
Table 2 demonstrate the exceptional performance
of Atlas-Chat models across all Darija benchmarks.
Compared to baseline models with 7B or fewer
parameters, Atlas-Chat-2B shows significantly su-
perior zero-shot performance. Atlas-Chat-2B sur-
passed its closest competitor, Jais-family-6.7B-
chat, by performance gaps of 5.05% on Dari-
jaMMLU, 2.40% on DarijaHellaSwag, 2.11% on
Belebele_Ary, 27.13% on DarijaAlpacaEval, and
17.08% on sentiment analysis. In translation and
summarization tasks, Atlas-Chat-2B outperformed
other models across all evaluation metrics.

The strong zero-shot performance of Atlas-Chat
is further enhanced by the larger-sized Atlas-Chat-
9B, which consistently outperforms other baseline
models with parameters less than or equal to 13B,
achieving the highest scores in 14 out of 16 met-
rics. Its strength is especially evident in translation
as it leads in all three metrics, chrF, BLEU, and
BERTScore, by a significant margin. Moreover, the
model excels in DarijaMMLU, DarijaHellaSwag,
Belebele_Ary, DarijaAlpacaEval, and sentiment
analysis, surpassing larger models like AceGPT-
13B-chat and Jais-family-13B-Chat.

Our largest model, Atlas-Chat-27B, consis-
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Base Model

DarijaMMLU

DarijaHellaSwag

Belebele_Ary

Darija

Sentiment

Translation (DODa-10K)

Summarization (MArSum)

AlpacaEval  Analysis

0-shot ~ 3-shot  0O-shot  10-shot  O-shot S-shot chrfF BLEU BERTScore chrF  ROUGE-1 ROUGE-L BERTScore LLM Judge
Llama-3.2-1B-Instruct ~ 27.66 30.79 26.88 27.03 28.89 24.00 23.57 46.27 595 0.07 37.45 27.78 7.35 7.18 38.32 8.23
Jais-family-1.3B-chat 3539 31.24 27.71 2725 38.89 37.44 35.56 44.82 6.01 0.12 39.17 20.56 6.85 6.72 35.77 0.50
Gemma-2-2B-It 28.59 3822 2772 27.65 2522 40.67 58.67 53.38 358 0.07 35.31 0.48 0.49 0.48 24.44 6.79
Jais-family-2.7B-chat ~ 37.58 31.76 29.10 28.32 4500 38.67  52.97 51.67 7.51 026 39.80  20.63 7.74 7.60 36.38 0.89
Llama-3.2-3B-Instruct ~ 32.60 31.17 28.33 2826 38.00 40.77 47.62 4920  13.67 0.62 43.78 27.56 8.16 8.09 38.56 8.23
Jais-family-6.7B-chat ~ 39.96 3342 32.64 32.64 5122 46.67  65.18 56.93  11.81 0.71 4580 2212 798 7.82 37.10 3.02
Jais-Adapted-7B-chat  39.30 39.07 29.55 29.97 43.56 30.67 61.84 52.96 9.36  0.60 45.03 2320 7.82 7.63 36.89 2.82
AceGPT-7B-chat 36.00 29.31 30.33 30.83 30.33 25.67 47.31 40.18  11.34 045 4536  27.18 7.60 7.55 37.29 228
Atlas-Chat-2B 45.01 4443 35.04 3455 5333 56.67 92.31 7401  44.86 22.76 7372 2880  9.00 8.88 44.71 55.22
Llama-3.1-8B-Instruct ~ 44.14 4475 3140 3194 4722 2856 78.08 44.17 1382 0.84 44.62 28.66  10.20 9.93 39.37 16.14
Gemma-2-9B-It 3596 56.38 3361 35.06 3133 6922  90.86 5993  15.04 0.85 48.28 2549  9.84 9.93 39.37 13.81
Jais-family-13B-Chat ~ 45.08 4191 3398 3393 58.56 48.56 69.93 4179 1173 093 4590 2253 7.99 9.64 38.00 1.77
Jais-Adapted-13B-chat 4531 46.92 32.84 3325 50.11 47.33 77.52 66.85 1048 0.88 47.85 23.80 8.86 7.84 37.13 1.92
AceGPT-13B-chat 41.05 36.55 32.19 33.05 33.11 36.78 52.79 59.60 14.22  0.69 47.97 26.83 7.92 8.63 37.67 2.80
Atlas-Chat-9B 5832 59.31 43.65 44.83 7433 7944  95.62 81.85 5044 27.98 7630 3207  9.50 9.45 47.00 59.76
jais-family-30B-8k-chat  51.88 49.27 35.61 36.77 65.67 2289  56.73 2464 1440 1.10 4722 2231 8.15 7.97 37.17 0.46
gemma-2-27b-it 3647 59.80 37.04 39.38 3578 75.56 95.07 57.59 13.04 0.67 48.17 9.64 5.62 5.52 37.22 11.10
Atlas-Chat-27B 61.95 63.30 4837 48.72 75.67 80.67 96.58 73.00 5174 29.55 77.03 3275 10.53 10.42 47.82 60.70

Table 2: Performance comparison of Atlas-Chat and state-of-the-art models on the evaluation suite with prompts
written in Darija. The highest scores are indicated in bold, second-highest underlined, and third-highest in italic.

tently outperforms competitors, including Jais-
family-30B-8k-chat and Gemma-2-27B-It. In
DarijaMMLU, DarijaHellaSwag, Belebele_ Ary,
and DarijaAlpacaEval, it achieves zero-shot per-
formance gaps of 10.07%, 12.76%, 1.51%, and
10.00%, respectively, over the highest-performing
competitor. Similarly, in translation and summa-
rization tasks, Atlas-Chat-27B demonstrates sig-
nificant zero-shot performance advantages over its
closest competitor, with substantial performance
improvements over all evaluation metrics.

Few-shot performance. Atlas-Chat demonstrated
further improvements when moving from the zero-
shot to the few-shot setting, with the effect being
particularly pronounced for the 9B and 27B models,
especially on the Belebele_Ary benchmark. How-
ever, this enhancement in few-shot performance is
not observed for the Atlas-Chat-2B model, despite
consistently outperforming competitors.

Further analysis. Although Atlas-Chat-27B
showed the best overall performance, it was outper-
formed in the sentiment analysis task by smaller
counterparts like Atlas-Chat-9B. We hypothesize
that this discrepancy might be inherited from our
base models, where Gemma-2-9B-it similarly out-
performed Gemma-2-27B-it in the same task.

Additionally, in the summarization task mea-
sured by ROUGE, Atlas-Chat models did not
achieve a significant leading advantage as seen with
other metrics. This discrepancy could stem from
the inability of these n-gram-based metrics to fully
capture Darija’s nuances. Moreover, summariza-
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tion, as a less constrained generation task, often
yields equally valid summaries that vary in formu-
lation. However, when the models’ summarization
capability was evaluated using the LLM-as-a-judge
framework, the judge model selected Atlas-Chat’s
responses 60.70% of the time over reference sum-
maries surpassing its closest competitor, Llama-
3.1-8B-Instruct, by approximately 45%.
Similarly, in the translation task measured by
BLEU, baseline models demonstrated unexpect-
edly low performance. Quality analysis indicated
that the low performance was due to their inabil-
ity to consistently produce Darija. For example,
in English-to-Darija translation, these models pro-
duced outputs consisting solely of MSA or a mix
of MSA and Darija, resulting in a notable lack of
overlapping n-grams with the reference text.

10 Conclusion

We presented Atlas-Chat, the first collection of
LLMs specifically developed for Moroccan Darija.
We constructed a comprehensive instruction dataset
by consolidating native, synthetic, and translated
resources. We also introduced several benchmarks,
including both discriminative and generative tasks.
Atlas-Chat models showed superior performance
in following Darija instructions and executing stan-
dard NLP tasks, outperforming both state-of-the-
art and Arabic-specialized LLMs. Our work high-
lights the potential of targeted LLM development
for underrepresented languages and offers design
methodologies of instruction-tuning that can be
applied to similar language adaptation challenges.



Limitations

Despite the promising results, our work has some
limitations. First, the model occasionally generates
hallucinations. Second, the dataset may contain in-
herent biases that could affect the model’s fairness
and representation. Additionally, we relied heav-
ily on Claude for translating English instructions
into Darija. However, because Claude is primar-
ily trained on English and reflects Western cultural
values, it may not fully capture the unique nuances
of Darija. Moreover, our models lack preference-
tuning to better align with Darija speakers. We
intend to address these limitations in future work.
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A Instruction Data Templates

In this section, we list the instruction templates used for constructing our Darija-SFT-Mixture dataset.

A.1 Machine Translation

user: \n/source language text]\n :[target language] J“ [source language] Nl P
assistant: [rarget language text]

A.2 Transliteration

user: \n[source language text]\n:[source language] Jy> Gs A  sla S

assistant: [rarget language text]

A.3 Sentiment Analysis

user: \nfdled ! sla Jbs pluaY) ga s
\n/source text]: 3Ll
\n:o Yl Y
\n
\ﬂdi.—.‘"‘-
assistant: [rarget]

A4 Automatic Summarization

user: \n:clal“ sla e

\n [passage]
assistant: [summary]
A.5 MoroccanWikipedia-QA
Template 1:
user: \n\n: 15l Lol o=dl sl 13
\n\n [passage]
\n\n [question]
assistant: [answer]
Template 2:
user: \n\n [question]\n :JI3J! sla & < s Ubsg \n\n/passage] \n\n: ! sl 13
assistant: [answer]
Template 3:

user: \n\n/passage] \n\n_adls J 57 o Bl 151 sl = o sl

\n\n [question]
assistant: [answer]

A.6 MoroccanSocialMedia-MultiGen

Continuation

user: \n [source sentence] \n o sla JoS:
assistant: [completion]
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Reply

user: \n [message]\n :CLW"\M s fe Ol
assistant: [reply]

Summarization
user: \n [passage]\n : jad! sl jad
assistant: [summary]

Rephrasing
user: \n [source sentence]\n : 5 &' i b g dod| sl L
assistant: [resphrased sentence]

Explanation

user: \n [source sentence]\n :dod| sla @5
assistant: [explanation]

Safe Response

user: \n [source sentence]\n :L:L & Ly sl & NP1 =S

assistant: [safe response]

A.7 DarijaStory-Completion

user: \n [story]\n :iad) sl JoS
assistant: [completion]

B TULU-V2-mix and Translation

In this section, we provide a detailed overview of the TULU-V2-mix dataset and its translation process
into Darija, including the datasets it incorporates and the sampling strategies employed. We also describe
the dataset’s format and the steps involved in translating the dataset to Moroccan Darija.

B.1 Composition of TULU-V2-mix

TULU-V2-mix incorporates subsets from the following datasets: FLAN (Wei et al., 2021)%%, Open
Assistant 1 (Kopf et al., 2024)%°, ShareGPT (Chen et al., 2023)*°, GPT4-Alpaca (Peng et al., 2023)3!,
Code-Alpaca®?, LIMA (Zhou et al., 2024)*3, WizardLM Evol Instruct (Xu et al., 2023)3*, and Open-Orca
(Mukherjee et al., 2023)*. The mixture also incorporates hard-coded instructions and a set of science-
related questions derived from scientific documents. Table 3 presents descriptions of each of these datasets
and describes how the subset in TULU-V2-mix was sampled.

B.2 Dataset Format

TULU-V2-mix is structured in a "messages" format commonly used for conversational datasets. Each
interaction consists of a sequence of messages, where each message is represented as a JSON object with
at least two key-value pairs:

28https://github.com/google—research/FLAN/tree/main
29https://hf.co/datasets/OpenAssistant/oasst1
30https://hf.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered
Shttps://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM#data-release
32https://github.com/sah11280114/codea1paca
33https://hf.co/datasets/GAIR/lima
34https://hf.co/datasets/WizardLM/WizardLM_evol_instruct_V2_196k
35https://hf.co/datasets/Open—Orca/OpenOrca
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Dataset Description Sampling Strategy

FLAN A collection of datasets with tasks such as question an- 100,000 examples from FLAN v2, split
swering, summarization, translation, and more. equally between general tasks and the
CoT subset.
Open Assistant 1 A human-annotated assistant-style conversation corpus. Top-ranked paths in conversation trees.
7,708 examples.
ShareGPT User-shared conversations with ChatGPT and GPT-4. 114,046 samples from a processed
ShareGPT dataset.
GPT4-Alpaca GPT-4 generated responses to prompts from Alpaca. 20,000 samples.
Code-Alpaca Coding instruction-tuning data generated by text-davinci- All 20,022 examples.
003.
LIMA Carefully selected data with a special focus on quality. All 1,030 examples.
WizardLM Evol Automatic evolution of instruction datasets, enhancing 30,000 examples.
Instruct the complexity and diversity of instructions.
Open-Orca Augmented FLAN data with additional generated expla- 30,000 samples generated by GPT-4.
nations.
Hardcoded Prompts ensuring the model correctly answers questions 14 samples each repeated 10 times = 140
about its identity or creators. total samples.
Science Scientific documents understanding tasks. 7,544 examples.

Table 3: Subsets of TULU-V2-mix.

* "role': Specifies the role of the participant in the conversation. Typically, this is either "user” (the
person asking questions or giving prompts) or "assistant” (the model’s response).

» "content'': Contains the actual text of the message. This is where the question, instruction, or
response is written.

Figure 1 shows how samples from TULU-V2-mix are formatted.

L
{
"role": "user",
"content”: "What is the latest release version of the Lua programming
language?”
}Y
{
"role"”: "assistant",
"content"”: "The latest release of the Lua programming language is Lua 5.4.4,
released in January 2022. The latest major version, Lua 5.4, was
released in June 2020 and introduced new features such as a new
generational mode for garbage collection, const variables, and to-be-
closed variables.”
3
1

Figure 1: A Sample from TULU-V2-mix.

The "messages" format is particularly useful for training conversational models as it simulates multi-
turn conversations by incorporating alternating roles between user and assistant messages. This format
ensures a clear distinction between user inputs and the model’s responses. Additionally, during fine-tuning,
the loss function is applied specifically to messages with the role "assistant," to focus optimization on

improving response generation. We applied this format to structure the whole training dataset.
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B.3 Translation to Darija

B.3.1 Preprocessing

Before translating the dataset into Darija, we applied several filters to ensure that the translation meets our
quality requirements:

* Excluding the Science subset: We removed this part because the questions often involved parts
or entire sections from research articles, which could lose meaning or coherence when translated,
particularly into Darija. Additionally, we considered that a typical Darija-speaking user is unlikely to
ask the model about research papers in Darija, as they would more commonly use English for such
inquiries.

* Filtering out empty messages: Based on a reported issue*®, we discovered that some examples

contained turns where the message role was defined, but the content was empty. To ensure data

quality, we removed all such samples from the dataset.

* Removing translation tasks: We decided to omit translation instructions because translating both

the source and target sentences into Darija would result in redundant outputs. Even if we specify that
only the target sentence should be translated, it would be challenging to consistently ensure that the
model performing the Darija translation adheres to the instruction across all examples. Additionally,
verifying the quality of the translations would be challenging, particularly when the original meaning
could be distorted. Furthermore, we already possess high-quality translation datasets, so including
lower-quality translations would only degrade the overall dataset quality.
To filter out translation tasks, we removed all samples containing either the strings "translate " or
" translation ". We recognize that this method might exclude some instances where translation is
mentioned without being the core task, for example, the user might be asking about the definition of
the word "translation". However, given the large size of TULU-V2-mix, we believe such cases are
rare, and the potential loss of a few samples would not impact the dataset’s overall quality.

* Excluding non-English samples: We filtered out non-English examples to ensure higher translation

quality, as translating from English to Darija tends to yield more accurate results compared to
translations from other languages, especially those with low resources.
To implement this filter, we used one of the best language identification tools: the fastText Language
Identification model®’. We set k=2, meaning the model predicts the two most likely languages for
each input text and provides a probability score for each. We excluded any samples where the most
likely language was not English, as well as those labeled as English with a confidence score below
80%. Through multiple experiments, we found that purely English texts typically score close to
100%, while lower scores often indicate the presence of other languages mixed with English.

B.3.2 Translation

We experimented with several open-source and closed-source Darija translation models, including NLLB-
200-3.3B3% (No Language Left Behind®), Terjman-Ultra*’, GPT-40*!, Claude 3 Opus*?, and Claude
3.5 Sonnet**. Our results showed that closed-source models consistently outperformed open-source
alternatives, with GPT-40 and Claude 3.5 Sonnet taking the lead. We ultimately chose Claude 3.5 Sonnet,
as it slightly outperformed GPT-40 and offered compatibility with Amazon Bedrock.

Table 4 shows a comparison of an instruction translated to Darija using each of the models we tested.
We observed that open-source models, namely NLLB-200-3.3B and Terjman-Ultra, tend to use more
MSA, while closed-source models produce translations closer to Moroccan Darija. They also retain key

36https://github.com/allenai/open—instruct/issues/161
37https://hf.co/facebook/fasttext—language—identification
38https://hf.co/facebook/nllb—2®0—3.SB
Phttps://ai.meta.com/research/no-language-left-behind
40https://hf.co/atlasia/Terjman—Ultra
41https://openai.com/index/hello—gpt—4o
42https://www.anthropic.com/news/claude—3—family
Bhttps://www.anthropic.com/news/claude-3-5-sonnet
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formatting elements like line breaks (\n) and tags (###), which are crucial for preserving the structure of
the instructions.

Original Write a response that appropriately completes the request.\n\n#i##
Sentence Instruction:\nIdentify four positive impacts that artificial intelligence can
have on the healthcare industry\n\n### Response:

NLLB-200- 3! il ¥ Sl e i) o colodad) s ccolie Koo LA |5, o
33B g )
DN gpp iaal L)l Lo & W osS ol sllaol 560 Le

Terjman- K3 Ko L] Ol o)l sue tolld o ool Koo Q) Sy s,
Ultra : 2.
13 oo ioall KiLcJJ\ slo Js— (W Ujﬁ ! L;-L..‘a.‘p‘

GPT-40 L) Q‘JGE' Cj e \nroledad! #g \n \n .ol Sy Ll KL s, L
N gpn \n \n ixall Ll &Uaﬁ s 9 08 o Ke sllasYl 5N L;J\

Claude 3 olgl m )l e \nsolodadl s \n \n o K80 A oK ) Glyr 51
o .
pas S 1 g GRS IC SRS NN I S TR SR WPy

Clande3.5  oLgb an ) suo \n :olodad) e \n \nolie JSKa0 Ll oSy Q1 Ol )
S t =
onne SN IR S S PV N B S VIR 2P WPy

Table 4: Translation example for model comparison.

We used Amazon Bedrock**, a cloud-based machine learning service from AWS, to translate the dataset
into Darija. We provided specific instructions to Claude 3.5 Sonnet for handling the translations, refining
the prompt after several rounds of experimentation. The final version of the prompt that produced the
best results is shown in Figure 2. We altered this prompt slightly as needed for each subset of the dataset,
ensuring that the translation remained consistent with the context and structure of each specific subset.

Translate the 'content' field in the paragraph after [Source Text] to Moroccan
dialect (Darija - Arabic alphabet) while following these guidelines:

- Keep the format of the original text (list of json).

- If a word is usually not used in Arabic, use its French equivalent.

- Do not include any introduction or explanation after the translation, only the
translation.

- If there is a given context, example or question translate it as well.

- Whenever you come across code contexts or technical words, keep them in English.

- Whenever you come across literature, or example or question, translate it to
Moroccan.

- If the text is culturaly not accepted for Morrocans, change it to a more
acceptable one.

- Do not answer the request in the source text.

- Write first the original text after the tag [[Original]] and then the translation
after the tag [[Translationl]].

[Source Text]

Figure 2: The prompt given to Claude 3.5 Sonnet for translation.

We used asynchronous programming techniques with Python’s asyncio library to make multiple
concurrent requests (often 25 at a time) to the Bedrock translation service. This parallel approach

“https://aws.amazon. com/bedrock
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significantly sped up the overall translation process by allowing us to handle many requests simultaneously

instead of sequentially.

B.3.3 Postprocessing

After finishing the translation and cleaning the errors, we post-processed the translations by:

* Replacing non-translated keywords:
"Response”,
were not translated.

put",

Some keywords
"Answer", ‘"Instructions", "Hypothesis"
We replaced these keywords

such
and

as  "Input", "Out-
"Additional Context"

with their Darija equivalents:

* Removing samples with excessive English content: We utilized the fastText Language Identi-

fication model to detect samples where the predicted language was not Arabic. Since the model
does not differentiate dialects, Darija is recognized as Arabic due to its use of Arabic script. We
removed samples where the predicted language was not Arabic or where Arabic was predicted with
a confidence level below 80%.

C Additional Details

C.1 Hard Coded Instruction Samples

We manually created 13 instruction samples to ensure that the model responds correctly to identity and
creator-related questions, such as “Who created you?” and “What is your name?”. Each instruction
is repeated 10 times to reinforce the memorization of the answers. Figure 3 presents the full list of
hard-coded instruction-answer pairs.
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Figure 3: Hard coded instruction-answer pairs.
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C.2 Selected Keywords for Tweet Searching

We provide the 26 Darija-specific keywords used for tweet collection through the Twitter API, as referenced
in Section 5.2.
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C.3 DarijaAlpacaEval Dataset Creation and Models Evaluation

To create the DarijaAlpacaEval dataset, we employed Claude 3.5 Sonnet to translate and culturally adapt
the AlpacaEval dataset (Li et al., 2023) for evaluating models’ capabilities in instruction following in
Moroccan Darija. The prompt used for translation is shown in Figure 4.

Given the following question about U.S. culture:{english_question}, translate and
adapt it to focus on Moroccan culture.

Ensure that the question retains the same underlying theme but is contextually
suitable for Morocco, taking into account cultural, historical, and societal
differences.

For example, replace references to American holidays, traditions, or figures with
their Moroccan counterparts.

The questions should be precise and should not differ significantly in length from
the original question.

Ensure that the question is unique to Morocco and not applicable to any neighboring
countries.

Adjust the language from English to Arabic Moroccan Darija.

Return only the question with no additional text.

Figure 4: The prompt given to Claude 3.5 Sonnet for translation and cultural adaptation of the AlpacaEval
instructions.

This process resulted in 805 instructions, all adapted to the Moroccan culture and written in Darija. The
models were subsequently evaluated by generating responses to these instructions, with their answers
compared to a baseline model, jais-13b-chat, one of the earliest state-of-the-art models developed for
Arabic NLP tasks. To assess cultural appropriateness, Claude 3.5 Sonnet was prompted to compare two
model responses for each instruction, using criteria focused on cultural alignment, fluency, and relevance.
The evaluation prompt is show in Figure 5.

Each pair of baseline and model answers, with positions swapped, was evaluated twice by Claude to
determine the better answer. If the position swap influenced Claude’s choice, that particular pair was
discarded to ensure the method’s rhobustness to possible LLM biases. The model’s win-rate was then
calculated as the proportion of instances where Claude selected the model’s answer over the baseline.

C.4 Selected Topics from MMLU and ArabicMMLU

The MMLU subjects included in DarijaMMLU are: Global Facts, High School European History,
High School Geography, High School Government and Politics, High School Psychology, High School
Statistics, High School World History, Human Aging, International Law, Jurisprudence, Logical Fallacies,
Management, Marketing, Moral Disputes, Moral Scenarios, Nutrition, Philosophy, Professional Law,
Professional Psychology, Public Relations, Security Studies, Sociology, and World Religions.

From ArabicMMLU, the subjects adopted into DarijaMMLU are: Islamic Studies, Driving Test, Natural
Science, History, General Knowledge, Law, Physics, Social Science, Management, Arabic Language, Polit-
ical Science, Philosophy, Accounting, Computer Science, Geography, Mathematics, Biology, Economics,
Arabic Language (General), Arabic Language (Grammar), and Civics.

C.5 LLM-as-a-Judge Prompt for Summarization Evaluation

Following the work of Zheng et al. (2023) and Fabbri et al. (2021), which used advanced LLMs to evaluate

responses from other LL.Ms, we employed Claude 3.5 Sonnet to assess the models’ summarization
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You are an expert evaluator tasked with judging the cultural appropriateness and
relevance of two answers written in Moroccan Darija for a given instruction.
Your judgment should focus solely on how well the answers reflect Moroccan
cultural norms, values, and context.

### Criteria:

1. Cultural Appropriateness and Relevance: The answer should align well with
Moroccan culture, norms, and societal context. Avoid any references, language,
or ideas that are not relevant or appropriate for Morocco.

2. Fluency: The answer has to be in clear and precise language in Moroccan Darija.

3. Relevance: The answer should answer the instruction without any divergence from
the instruction's goal.

### Instructions:

For each instruction, you will receive two answers, A and B. Evaluate them based on
the criterion above and decide which one better reflects Moroccan culture.
Provide only the letter A or B as the answer.

### Output format:
Better Answer: [A or B]

### Evaluate:
**Instruction#*x:

[Start of the instruction]
{instruction}

[Text of the instruction]

**kAnswer Axx%:
[Start of Answer A]
{answer_a}

[Text of Answer A]

** Answer B#*x:
[Start of Answer B]
{answer_b}

[Text of Answer B]

Your Response (Only "A"” or "B" with no additional text):

Figure 5: The prompt Given to Claude 3.5 Sonnet for choosing the answer that better follows the instruction and
predefined DarijaAlpacaEval criteria between the baseline another LLMs generated answers.

capabilities. Summarization is subjective, and traditional text overlap-based methods often struggle to
provide accurate evaluations. As shown in Figure 6, we instructed Claude to evaluate model-generated
summaries based on three main criteria: wordness, conciseness, and relevance. The objective of the Darija
summarization task is to produce a concise summary in native Darija using the fewest words possible,
without introducing external information.

At each evaluation step, two summaries were presented to Claude: one generated by an LLLM and the
corresponding ground truth summary. To mitigate biases such as verbosity and position bias, identified
by Zheng et al. (2023), all models were instructed to generate summaries of no more than 30 words (the
average length of title summaries). Additionally, each pair of generated and ground truth summaries was
presented to Claude twice, with their positions swapped. Pairs in which position swapping influenced
Claude’s decision were discarded. The win-rate of a model’s summary was calculated based on how often
Claude preferred the model’s summary over the ground truth.
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You are an expert evaluator tasked with judging the quality of two summaries written
in Moroccan Darija for a given passage, also in Moroccan Darija. You are strict
regarding any language or dialect that is not Moroccan Darija, such as Modern

Standard Arabic (MSA) and English.

### Criteria:

Choose the better summary based on these criteria:

1. **Wordness**: Clear and precise language in Moroccan Darija that conveys the
passage's original meaning and doesn't use any other language or Dialect.

2. x*xConciseness**: Straight to the point, capturing essential information without
unnecessary details.

3. **xRelevancex*x*: Directly related to the passage without adding new information.

### Instructions:

For each passage, you will receive two summaries, **A*x and **Bxx. Evaluate them
based on the criteria above and decide which one is better. Provide only the
letter x*Ax* or *xBxx as the answer.

It is strictly forbidden that a summary is written in Modern Standard Arabic (MSA).

A summary should not be chosen if it is written in MSA.s

###0utput format:
Better Summary: [A or B]

### Evaluate:
**Passage*x*:

[Start of the passage]
{passage?}

[Text of the passage]

*xSummary Axx*:
[Start of Summary Al
{summary_a}

[Text of Summary A]

**Summary B**:
[Start of Summary B]
{summary_b}

[Text of Summary B]

Your Response (Only A or B with no additional text):

Figure 6: The prompt Given to Claude 3.5 Sonnet for choosing the best summary between the baseline and
LLM-generated summaries.

C.6 Dataset Descriptions

MADAR (Bouamor et al., 2018)*. The Multi-Arabic Dialect Applications and Resources (MADAR)
corpus is a collection of parallel sentences covering the dialects of 25 Arab cities, built upon the Basic
Traveling Expression Corpus (Takezawa et al., 2007). We select the dialect of Rabat city as Darija
translation, along with MSA, resulting in 12K sentence pairs. The split corpus-6-test-corpus-26-test is
reserved for the evaluation.

NLLB-Seed (Maillard et al., 2023)*. The Seed machine translation dataset contains 6K sentences
sampled from English Wikipedia and translated into 39 low-resource languages. We extract the Darija
and English pairs.

FLORES+*’. Built upon FLORES-200 (Costa-jussa et al., 2022), this corpus is specifically designed to
support multilingual research and evaluation. The English sentences were sampled in equal amounts from
Wikinews, Wikijunior (a collection of age-appropriate non-fiction books), and Wikivoyage. These were
then translated into other languages. For each language, the dataset has 997 sentences for the dev split

45https://sites.google.com/nyu.edu/madar
46https://github.com/openlanguagedata/seed
https://github.com/openlanguagedata/flores
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and 1012 sentences for the devtest split. We selected those in Darija, MSA, English, and French. Dev is
severed as training, while devtest for the evaluation.

MSDA (Boujou et al., 2021)*8. It is an open dataset for sentiment analysis, designed to support research
in NLP for Arabic dialects and social media. The dataset includes 52K tweets in Darija, categorized
into three labels: positive, neural, or negative. The tweets are preprocessed, and emojis are retained
because they play a significant role in expressing sentiment. Labels are annotated semi-automatically and
bootstrapped with human intervention.

MSAC (Oussous et al., 2018, 2020)*°. The Moroccan Sentiment Analysis Corpus (MSAC) is a manually
prepared dataset consisting of reviewers’ opinions for Hespress>? articles, and a collection of Arabic
comments from Facebook, Twitter and YouTube. It includes content in both MSA and Darija, consisting
of 2K sentences labeled as positive or negative in equal proportions.

ElecMorocco2016 (Elouardighi et al., 2017)°!. The 2016 Moroccan elections (ElecMorocco2016) is a
sentiment analysis dataset comprising 10K Facebook comments about Moroccan’s legislative elections
held on October 7, 2016. Each comment is labeled as either positive or negative. The comments are
written in Darija and MSA.

MYC (Jbel et al., 2024)°2. The Moroccan Youtube Corpus (MYC) is a sentiment analysis dataset of
YouTube comments collected from Moroccan channels covering various topics. The dataset prioritizes
variety over size, with 20K manually labeled samples, evenly divided between positive and negative.
Notably, the 20K comments are equally balanced between Arabic script and Latin script.

MAC (Garouani and Kharroubi, 2021)°3: The Moroccan Arabic Corpus (MAC) is a free, large-scale
Darija corpus for sentiment analysis, consisting of 18K manually labeled tweets categorized as positive,
neutral, negative, or mixed. Only 643 tweets are labeled as mixed, so we filtered them out.

MArSum (Gaanoun et al., 2022)°*. The Moroccan Articles Summarization dataset (MArSum) contains
19K news articles written in Darija, along with their titles. The articles were crawled from Goud.ma’>.
While some content includes MSA, all titles are written in Darija. Since the articles are relatively concise
and the titles are sufficiently informative, the titles are considered as summaries. The average length of
the titles is 14.6 words.

D Examples of Atlas-Chat-9B Responses

Figure 7 and 8 present some samples of Atlas-Chat responses on a variety of questions.

48https://cc.um6p.ma/cc_datasets
49https://github.com/ososs/Arabic—Sentiment—Analysis—corpus
50https://www.hespress.com
Shttps://github.com/sentiprojects/ElecMorocco2016
52https://github.com/Mouade/MYC
53https://github.com/LeMGarouani/MAC
54https://github.com/KamelGaanoun/MoroccanSummarization
Shttp://www. goud . ma/
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Figure 7: Atlas-Chat-9B response example 1.

why Moroccan football team is called the Atlas Lions
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Figure 8: Atlas-Chat-9B response example 2 (The model can understand English instructions but only responds in
Darija).
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