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Abstract

This paper presents our contribution to the
closed data track of the AMIYA Shared Task
on Dialectal Arabic text generation. In this
track, we train fully open-source Large Lan-
guage Models (LLMs) on five Arabic dialects:
Egyptian, Moroccan, Palestinian, Saudi, and
Syrian, using the provided training datasets.
We experiment with different base and instruct
models using several pretraining and instruc-
tion tuning approaches. In total, five models
were submitted, with three variants per dialect.
Our best-performing models for the five di-
alects are ALLaM for Egyptian, LLaMa for
Moroccan, and Palestinian, and Aya for Saudi
and Syrian.

1 Introduction

Arabic is a morphologically rich language charac-
terized by diglossia (Ferguson, 1959), a linguistic
phenomenon in which Modern Standard Arabic
(MSA), the standard and formal form of the lan-
guage, co-exists with a non-standard variety, Di-
alectal Arabic (DA). Complicating matters, there
are multiple DA varieties, each differing from one
another and from MSA in phonology, morphol-
ogy, syntax, and lexicon (Keleg et al., 2023), and
are commonly classified regionally (e.g., Egyptian,
Levantine, Gulf).

While MSA is used in formal settings such as
news and education, it is not the native language
of any Arabic speaker. In contrast, dialects consti-
tute the true native varieties of Arabic, historically
connected to Classical Arabic and shaped by re-
gional linguistic contact. Although DA is primarily
spoken, it is widely used in informal written com-
munication, particularly on social media and online
platforms.

Despite their widespread use, Arabic dialects
are severely underrepresented in large-scale textual
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resources. Compared to abundant and standard-
ized MSA corpora, dialectal data is scarce, noisy,
and highly heterogeneous, with inconsistent orthog-
raphy and frequent code-switching. As a result,
LLMs are predominantly pretrained on massive
quantities of MSA text, with limited exposure to
dialectal Arabic. This imbalance leads to substan-
tial performance gaps, causing LLMs to struggle
with understanding, generating, and reasoning over
dialectal input (Bergman and Diab, 2022).

In this paper, we aim to bridge this gap by de-
scribing our system submission to the AMIYA
Shared Task (Robinson et al., 2026). We explore
adapting 12 open-source LLMs to five Arabic di-
alects: Egyptian (EGY), Moroccan (MAR), Pales-
tinian (PSE), Saudi (SAU), and Syrian (SYR). Our
models are evaluated using AL-QASIDA bench-
mark (Robinson et al., 2025), an evaluation suite
that measures an LLLM’s dialectal fidelity, under-
standing, generation quality, and sensitivity to
MSA-DA diglossia. Our adaptation framework
consists of two primary phases: Continual Pretrain-
ing (CPT), applied to base models only, and Instruc-
tion Tuning, applied to both base and instruction-
tuned models. For CPT, we explore two strategies:
1) Curriculum CPT, where we train first on MSA
and English before transitioning to DA-only data;
2) Mixed CPT, where we train on a mix of MSA,
English, and DA data. Our results indicate that
the superiority of either CPT setup relies on the
model’s architecture, while fine-tuned instruct mod-
els achieve superior performance across all dialects
compared to base models adapted using CPT.

2 Background

2.1 Dialectal Arabic NLP

DA NLP research has received growing attention
in the Arabic NLP community, driven largely by
the development of monolingual and multilingual
dialectal resources and benchmarks (McNeil and
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Faiza, 2011; Zaidan and Callison-Burch, 2011;
Zbib et al., 2012; Cotterell and Callison-Burch,
2014; Salama et al., 2014; Jeblee et al., 2014; Al-
Badrashiny and Diab, 2016; Zaghouani and Charfi,
2018; Abdul-Mageed et al., 2018; Bouamor et al.,
2019; Sajjad et al., 2020; Abdul-Mageed et al.,
2020, 2021, 2022; Nagoudi et al., 2022; Abdul-
Mageed et al., 2023, 2024). These efforts have
enabled research across a wide range of dialectal
NLP tasks, including machine translation (MT),
dialect identification, and cross-dialect modeling.

Despite this progress, DA resources remain sub-
stantially more limited compared to MSA. Dialec-
tal data is unevenly distributed across varieties,
with certain dialects receiving considerably more
coverage than others. This imbalance stems in
part from the fact that DA is primarily a spoken
language; when written, it is most commonly pro-
duced in informal contexts such as social media and
online communication. Consequently, dialectal cor-
pora are often noisy and heterogeneous, exhibiting
a lot spelling variation. These challenges are fur-
ther exacerbated by the absence of standardized
orthographies for Arabic dialects. Although prior
work has proposed conventional orthography for
DA (Habash et al., 2012; Jarrar et al., 2016; Khal-
ifa et al., 2018; Habash et al., 2018; Eryani et al.,
2020; Alhafni et al., 2024), adoption remains lim-
ited, and most real-world data continues to reflect
unconstrained user-generated text.

With the emergence of LLMs, recent research
has increasingly focused on evaluating and adapt-
ing Arabic-centric models such as AceGPT (Liang
et al., 2024), ALLaM (Bari et al., 2024), Fanar (Fa-
nar Team et al., 2025), Jais (Sengupta et al., 2023;
Anwar et al., 2025), NileChat (Shang et al., 2025a),
and Atlas-Chat (Shang et al., 2025b) alongside the
development of large-scale benchmarks targeting
Arabic and its dialects (Koto et al., 2024; Faisal
et al., 2024; Hijazi et al., 2024; Ashraf et al., 2025;
Alghamdi et al., 2025; Mousi et al., 2025; Sadallah
et al., 2025; Alwajih et al., 2025; Almatham et al.,
2025; Robinson et al., 2025). Our work builds on
this line of research by systematically studying the
adaptation of open-source LLMs to multiple Ara-
bic dialects under controlled training conditions,
and by evaluating their dialectal fidelity, generation
quality, and sensitivity to MSA-DA diglossia.

2.2 AMIYA Shared Task

The Arabic Modeling in Your Accent (AMIYA)
Shared Task focuses on building and adapting

LLM:s for DA. All models are evaluated using the
AL-QASIDA benchmark (Robinson et al., 2025).
AL-QASIDA consists of multiple evaluation tasks,
including monolingual generation (DA—DA) and
cross-lingual generation (EN—DA) for measuring
DA fidelity; DA—EN MT for assessing understand-
ing; EN—DA MT for evaluating generation qual-
ity; and MSA<DA MT for probing diglossia.

The shared task has three tracks: 1) Closed Data
Track; 2) Closed Models Track; and 3) Open Track.
For all tracks, the shared task accepts submissions
for five Arabic dialects: Egyptian (EGY), Moroc-
can (MAR), Palestinian (PSE), Saudi (SAU), and
Syrian (SYR) We participate in the Closed Data
Track across all five dialects.

3 System Overview

We investigate the adaptation of 12 open-source
LLMs for DA, spanning two categories: base mod-
els and instruction-tuned models (Table 3). Our
adaptation framework consists of two phases: Con-
tinual Pretraining (CPT) and Instruction Tuning
(IT). CPT is applied exclusively to base models,
whereas IT is applied to both CPT-adapted base
models and instruction-tuned models. For CPT, we
examine two training strategies: 1) Curriculum
CPT, in which models are first trained on MSA and
English data before training on DA-only data; and
2) Mixed CPT, which trains models on a shuffled
mixture of MSA, English, and DA data.

4 Data

We use the training datasets provided the closed
data track of the shared task, namely: SauDial
(Alanazi et al., 2025), ASR-EGARBCSC, MASC,
DoDa (Outchakoucht and Es-Samaali, 2021),
Shami Corpus (Abu Kwaik et al., 2018), Atlaset
(Bounhar and Majjodi, 2025), SDC and EDC (Tar-
mom et al., 2019), Saudi Tweets (Alruily, 2020),
SADSSIyC (Alahmari, 2025), EDGAD (ElSayed
and Farouk, 2020), Casablanca (Talaftha et al.,
2024), JODA (Abandah et al., 2025) and UFAL
(Sellat et al., 2023), with MADAR (Bouamor et al.,
2018) (excluding the off-limits portion) being used
for IT only. These datasets include one or multiple
Arabic dialects with a subset containing bitexts in
English and/or MSA.

The distribution of data used for CPT across both
Curriculum CPT and Mixed CPT is in Table 1.
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Dialect DA DA-MSA DA-EN
EGY 223.9K - -
MAR 1.3M - 233.2K
PSE 84.2K 58.5K -
SAU 235.1K 2170 404
SYR 124.1K  127.8K 24.6K
Total 2M 188.4K  258.25K

Table 1: CPT data statistics in terms of sentences for
DA monotexts and DA<>MSA/EN bitexts.

4.1 Data Preprocessing

To standardize the input across training data, we ap-
ply a unified preprocessing pipeline using CAMeL
tools (Obeid et al., 2020). The pipeline includes
diacritic removal; normalization of Alif, Ya, and Ta
Marbuta; character de-duplication; and the removal
of special characters, emojis, and URLs found in
social media text.

Moreover, the training data we use exhibits sub-
stantial imbalance across dialects, as shown in Ta-
bles 1 and 2 for CPT and IT data, respectively.
Moroccan dominates the corpus, while Egyptian,
Syrian, and Saudi data are smaller, and Palestinian
is particularly limited with only 12K samples af-
ter preprocessing. To address this, we augment
Palestinian data with linguistically similar Jorda-
nian samples and downsample Moroccan data, re-
taining approximately 40% of the available Moroc-
can samples to reduce majority-dialect bias.

4.2 Instruction Tuning Data

For IT, we train the model on three tasks: MT,
Monolingual Text generation (MonoGen), and
cross-lingual Text generation (XGen).

For MT, we utilize all available bitexts in our
dataset, excluding MADAR'’s off-limits portion,
covering bidirectional translation for EN<>DA
and MSA+DA. We use the following instruction
prompt:

Translate from {source_language} into
{target_language}. Output only the trans-
lation. Do NOT output anything else be-
fore or after it.

To address the scarcity of monolingual and
cross-lingual text generation data, we generate syn-
thetic instruction-response pairs using fully open-
source models: Command-A-111B (Cohere et al.,
2025) for Moroccan, Palestinian, and Saudi, and
Command-R-35B for Egyptian and Syrian. The

Dialect MonoGen XGen MT
EGY 695 613 35.3K
MAR 633 1857 65.4k
PSE 570 525 60.4k
SAU 644 602 11.9k
SYR 752 534 248.2k
Total 3.3K 41K 421.2K

Table 2: IT Dataset distribution by dialect and tasks.
Counts represent sentences.

selection of these models was based on a prelim-
inary inspection to observe which model is better
for each dialect. For the MonoGen task (DA—DA),
we randomly sample a subset of DA training data
and use the DA instruction prompts defined by
the AL-QASIDA benchmark to produce synthetic
DA outputs. For the XGen task (EN—DA), we
sample a different subset of DA data and prompt
LLMs to generate corresponding English instruc-
tion prompts paired with the original DA text.
Prompts used to generate the synthetic data are
in Appendix B.

Table 2 reports the statistics of the I'T datasets.
While the synthetically generated monolingual and
cross-lingual data is relatively small compared to
the MT data, this design choice avoids introduc-
ing large volumes of synthetic content that may
negatively impact data quality.

S Experimental Setup

All models used in our experiments are listed in
Table 3. For evaluation, we adopt the metrics de-
fined by AL-QASIDA benchmark. Specficially, we
use the Arabic Dialect Identification and Dialect-
ness (ADI2) score for both monolingual and cross-
lingual generation tasks, and chrF++ (Popovié,
2015, 2017) for MT. The hyper-parameters we used
for our CPT and IT setups are detailed in Appendix
A. To streamline the evaluation process, we set
the generation limit for new tokens to 64. In addi-
tion, to ensure comparability between models, we
directly provide inputs to the model without any
prompts or instruction templates.

6 Results

Baselines We evaluate all models in a zero-shot
setting using the instruction prompts described in
Section §4.2. Baseline results for all five dialects
across three tasks are reported in Table 8 in the
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Model Type
Qwen3-8B-Base (Team, 2025) Base
Qwen3-8B (Team, 2025) Instruct
Llama-3.1-8B (Grattafiori et al., 2024) Base
Llama-3.1-8B-Instruct (Grattafiori et al., 2024)  Instruct
Aya-Expanse-8B (Dang et al., 2024) Instruct
ALLaM-7B-Instruct (Bari et al., 2025) Instruct
Gemma-2-9B (Team et al., 2024) Base
Bloom-7b1 (Workshop, 2024) Base
Command-R7B-Arabic (Alnumay et al., 2025)  Instruct
Fanar-1-9B (Fanar Team et al., 2025) Base
Fanar-1-9B-Instruct (Fanar Team et al., 2025) Instruct
Jais-2-8B-Chat (Anwar et al., 2025) Instruct

Table 3: Models used in our experiments and their types,
Base or Instruct.

Dialect Model MonoGen XGen MT

EGY Fanar-B 0.72 0.03 29
MAR Fanar-B 0.48 0.02 27
PSE Jais-2 0.02 0.05 49
SAU Jais-2 0.04 0.03 61
SYR Fanar-B 0.32 0.02 28

Table 4: Top performing baselines for each dialect in
terms of ADI2 for MonoGen and XGen, and chrF++ for
MT. Best results are in bold.

Appendix. Table 4 summarizes the top-performing
baseline model for each dialect, averaged across
tasks. For Egyptian, Moroccan, and Syrian, the
base version of Fanar (Fanar-B) performs best,
achieving very high monolingual scores despite
lower cross-lingual and MT performance. For
Palestinian and Saudi, Jais-2 ranks highest, show-
ing strong MT results.

Candidate Model Selection We conduct
lightweight adaptation runs to identify promising
candidate models by evaluating our three training
strategies on reduced subsets of the data. For
Curriculum CPT, models are continually pretrained
on all available English and MSA data, followed
by 30% of the DA data. For Mixed CPT, models
are pretrained on a 30% mixture of English, MSA,
and DA data. For IT, models are trained on 30%
of the IT dataset. All results for these settings are
reported in Table 9 in the Appendix. Based on
these experiments, we select a subset of models for
full-scale pretraining and/or continued instruction
tuning, which we detail here.

We select six models for full training: three base
models (LLaMA 3.1, Gemma, and Fanar Base)
and three instruction-tuned models (Aya, ALLaM,

Dialect Model MonoGen XGen MT
EGY ALLaM 0.67 0.27 46
MAR LLaMa 0.72 0.51 38
PSE ALLaM 0.21 0.05 44
SAU Aya 0.2 0.03 o1
SYR Aya 0.25 0.1 46

Table 5: Top performing instruction tuned models for
each dialect in terms of ADI2 for MonoGen and XGen,
and chrF++ for MT. Best results are in bold.

and Command R). During training, we save check-
points at multiple stages (30%, 50%, 70%, and
100% of total steps), enabling performance analy-
sis throughout training and selection of the most
effective checkpoint for submission. Table 10 in
the Appendix reports the evaluation results of all
shortlisted models across checkpoints.

6.1 Final Models

Following the shared task regulations, we submit-
ted three runs per dialect, totaling 15 submissions.
Runs were selected from checkpoints obtained at
different training stages based on validation perfor-
mance. Our submissions include early IT check-
points of ALLaM, Aya, and LLaMA, a fully
trained instruction-tuned Aya model, and a Fanar
Base model trained using Mixed CPT followed
by full IT. Table 11 in the Appendix details the
submitted models per dialect.

Table 5 reports the best-performing model per
dialect used for our submissions. These correspond
to IT checkpoints selected after 30% of the total
training steps, as they consistently achieved the
strongest validation performance. Model selection
was guided by a heuristic that maximizes the aver-
age performance across the three tasks, ADI2 for
MonoGen and XGen, and chrF++ for MT, which
provides a simple summary of cross-task behav-
ior but may mask trade-offs between generation
quality and translation performance.

We observe substantial performance variation
across dialects. Moroccan and Egyptian outper-
form Syrian, Saudi, and Palestinian in MonoGen
and XGen, while MT performance remains consis-
tent. The highest MT score is achieved for Saudi
using the Aya IT model selected at the 30% check-
point. Notably, despite having more IT data, Syrian
underperforms Egyptian, suggesting that continual
pretraining data volume plays a more critical role
than IT data in dialectal differentiation.
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Dialect Sys. Gen DA—EN EN—DA DA—MSA MSA—DA
C1 039 534 34.3 50.6 43.7
EGY C2 045 433 31.2 39.1 36.4
P 045 47.7 33.6 43.9 39.5
Cl 054 51.0 26.8 44.1 35.3
MAR C2 0.8 44.6 25.8 37.9 33.1
P 057 44.9 22.7 39.3 349
C1  0.09 58.0 34.0 429 40.1
PSE c2 010 50.0 30.5 41.8 42.4
P 010 50.4 36.9 41.6 40.5
C1  0.09 579 36.2 66.3 56.9
SAU c2 0.14 52.2 32.6 53.2 42.8
P 0.10 58.4 34.1 65.3 55.3
C1  0.17 52.7 31.0 44.4 36.8
SYR c2 0.21 48.2 25.7 34.6 374
P 0.18 54.1 31.0 40.3 37.6

Table 6: Official shared task results of our Contrastive-1 (C1), Contrastive-2 (C2), and Primary (P) systems across
dialects. Gen denotes overall generation performance (monolingual and cross-lingual) evaluated using ADI2. MT
results are reported using chrF++. Best results per dialect and task are in bold.

Dialect Adequacy Fluency

EGY 2.1 3.6
MAR 20 32
PSE 1.6 3.5
SAU 2.1 34
SYR 1.6 34

Table 7: Human evaluation in terms of adequacy and
fluency of our Primary system across dialects.

6.2 Official Results

Table 6 presents the official shared task results us-
ing automatic metrics. No single system dominates
all tasks across dialects: our Contrastive-1 (C1)
and Primary (P) systems are the best on several MT
directions, whereas Contrastive-2 (2) consistently
yields the highest generation scores. Compared to
other participants, our systems perform particularly
strongly on MT across dialects, whereas generation
remains more competitive across teams.

Table 7 presents human evaluation results in
terms of adequacy and fluency of our primary sys-
tems across dialects. Compared to other partici-
pants, our system achieves the best scores across
all dialects on both dimensions, with the exception
of fluency on Moroccan.

7 Error Analysis

Figure 1 in Appendix C shows t-SNE projections
of average sentence-level hidden representations
for the five target dialects and MSA. Each plot is
constructed from 600 parallel samples per dialect
from the MADAR Dev set, using representations
produced by the corresponding model. The visu-
alizations align with the findings in Section 6.1:
Egyptian and Moroccan dialects form more com-
pact and well-separated clusters, consistent with
their stronger MonoGen and XGen performance,
while Syrian, Saudi, and Palestinian dialects ex-
hibit more diffuse and overlapping representations,
indicating greater representational ambiguity.

8 Conclusion

In this paper, we evaluated multiple strategies for
improving DA performance in LLMs as part of our
participation in the AMIYA Shared Task (closed
data track). Across training setups, instruction-
tuned models consistently outperformed base mod-
els on the AL-QASIDA benchmark, often achiev-
ing peak performance using only 30% of the task
data. These results suggest that the volume of data
during continual pretraining may have a stronger
effect on the performance than IT data on DA tasks.

377



Limitations

In this work, we explored several model training
approaches on a large list of models, but we ac-
knowledge the limitations that should be consid-
ered when interpreting the results. Although we
rely exclusively on the datasets provided by the or-
ganizers, the amount of data varies across dialects,
with some dialects (e.g., Moroccan) dominating the
corpus, while others are underrepresented. We try
to mitigate this imbalance through down-sampling
and data synthesis, but these methods do not fully
resolve the issue, and models continue to have un-
even performance across dialects.

Additionally, the use of synthetically generated
data for instruction tuning introduces the risk of
noise and hallucinations, and may not accurately
reflect real-world usage of these dialects. We also
note that our findings may not generalize to di-
alects not represented in the training data. More-
over, in some analyses, we rely on average perfor-
mance across tasks to summarize cross-task behav-
ior; while this provides a simple aggregate view, it
may obscure trade-offs between generation quality
and translation performance.

Finally, we limit our experiments to mid-sized
models (7-9B parameters) and, due to time con-
straints, do not conduct a more in-depth analysis of
the differences between the curriculum-based and
mixed pretraining strategies explored in this work.
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A Details Experimental Details

A.1 Continual Pretraining Setup

Across both CPT strategies, we use a batch size of
8 with gradient accumulation over 8 steps. Models
are optimized using AdamW with a cosine learning
rate schedule and a warm-up ratio of 0.03. Training
is conducted in bfloat16 precision with gradient
checkpointing enabled. The maximum sequence
length is set to 256 tokens. We adopt a higher peak
learning rate of 3 x 10> for Mixed CPT and for
the initial curriculum CPT stage (training on EN
and MSA), followed by a reduced learning rate of
1 x 107 during the dialect-only curriculum CPT
stage to mitigate catastrophic forgetting.

To analyze intermediate adaptation behavior, ad-
ditional checkpoints are saved at approximately
30% of training progress for both the Mixed and
the dialect-only curriculum CPT strategies. Final
checkpoints are saved at the end of each training
run and used for subsequent instruction tuning and
evaluation.

A.2 Instruction Tuning Setup

The instruction tuning setup was standardized
across all experiments, using a maximum sequence
length of 256, a learning rate of 3 x 1075, a batch
size of 8 with gradient accumulation over 8 steps,
a weight decay of 0.01, and training for a single
epoch to avoid the risk of overfitting. Models were
optimized using the AdamW optimizer. All instruc-
tion tuning experiments were implemented using
Hugging Face’s Transformers.

B IT Synthetic Data Generation Prompts

MonoGen prompt Given the following question:
text, generate a natural and contextually appropri-
ate response written in DA.

* Only generate the response; do not generate
anything else.

* The response must be a reasonable reply to
the given prompt.
* Do NOT reply in MSA no matter what DA
and only DA.
Where DA represents the dialect of the mono-
lingual sample, and text refers to the monolin-

gual sample embedded in the DA prompt from
the Qasida repository.

XGen prompt Generate an English question
where text is the direct answer.
Requirements:

* The question must be specific enough that text
is the complete, natural response

e You MUST tell the user to answer in DA
* The question itself MUST be in English.

* Output the English question only while natu-
rally requesting to respond in DA.

* Only say “Respond in DA” without saying
please.

Where DA is the dialect of the sample, and text
is the monolingual sample.
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EGY MAR PSE SAU SYR

Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg
ALLaM 0.33 0.03 44 027 0.16 0.00 44 020 0.06 0.00 43 0.16 0.07 0.00 60 022 0.07 0.00 45 0.17
Aya 0.43 0.03 31 026 0.39 0.04 27 023 0.07 0.02 28 0.2 0.12 0.02 41 0.8 0.24 004 29 0.19
Bloom 0.34 0.00 11 0.5 0.22 0.00 11 0.11 0.04 0.00 11 0.05 0.04 0.00 12 0.05 0.08 0.00 11 0.06
CommandR 0.48 0.05 30 028 0.42 005 29 025 0.08 0.02 31 0.14 0.10 0.02 45 0.19 0.28 0.03 31 021
Fanar-B 0.72 0.03 29 035 0.48 0.02 27 0.26 0.15 0.01 27 0.14 0.20 0.01 37 019 0.32 0.02 28 0.21
Fanar-1 0.16 0.05 41 021 0.21 0.07 36 021 0.03 0.05 39  0.16 0.04 0.04 46 0.18 0.09 0.05 39 018
Gemma 0.50 0.00 19 023 0.37 0.00 20 0.19 0.08 0.00 20  0.09 0.13 0.00 22 012 0.18 0.00 20 0.13
Jais-2 0.19 0.05 51 025 0.21 0.06 46 024 0.02 005 49 0.19 0.04 0.03 61 023 0.02 004 50 0.19
LLaMa-B 0.27 0.00 11 013 0.28 000 12 0.3 0.07 0.00 11 0.06 0.08 0.00 15 0.08 0.13 0.00 12 0.08
LLaMa-I 0.41 0.05 28 025 0.39 0.04 25 023 0.08 0.06 27 0.14 0.05 0.05 38 0.16 0.13 0.05 27 0.15
Qwen3-B 0.51 0.01 27 026 0.46 0.01 24 024 0.10 0.01 25 0.2 0.09 0.01 36 0.15 0.27 0.01 25 018
Qwen3-I 0.11 0.00 17 0.09 0.08 0.00 14 0.07 0.02 0.00 15 0.06 0.03 0.00 22 0.08 0.04 0.00 15 0.06

Table 8: Zero-shot baseline results across for all models across dialects in terms of ADI2 for MonoGen and XGen,
chrF++ for MT. Avg denotes the macro-average performance across the three tasks after normalizing chrF++ to
[0, 1]. B and I denote base and instruct models, respectively. Best scores per dialect are in bold.

EGY MAR PSE SAU SYR
Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg
ALLaM-IT 0.67 027 46 047 0.73 036 41 050 0.21 0.05 44 023 0.24 0.06 51 027 0.15 013 41 023
Aya-IT 0.62 0.16 51 043 0.64 0.39 46 0.50 0.15 0.01 46 0.21 0.19 0.03 61 0.28 0.25 0.10 46 0.27
Bloom-Curr-IT 0.64 0.14 41 040 0.65 0.20 34 040 0.17 0.02 38 0.19 0.08 0.01 51 0.20 0.20 0.09 33 021
CommandR-IT 0.53 0.3 16 033 0.69 0.52 13 045 0.14 0.05 22 0.14 0.14 0.07 31 0.17 0.22 0.15 11 0.16
Fanar-Curr-1T 0.58 0.15 37 037 0.66 027 33 042 0.15 0.02 39 0.19 0.06 0.02 45 0.8 0.22 007 35 021
Fanar-Mix-IT 0.67 0.13 32 037 0.71 0.34 31 045 0.17 0.02 32 017 0.17 0.03 42 021 0.21 0.09 30 0.20
Fanar-IT 0.57 0.12 18 029 0.62 0.32 15 036 0.18 0.05 19 0.14 0.05 0.03 24 0.11 0.17 0.08 16 0.14
Gemma-Curr-IT 0.51 0.17 22 030 0.68 0.28 18 038 0.17 0.04 27 0.16 0.06 0.05 27 0.13 0.18 0.10 28 0.19
Gemma-Mix-IT 0.64 0.41 33 046 0.67 0.30 29 042 0.15 0.04 35 018 0.22 0.05 42023 0.21 0.05 29 0.18
Jais-2-1T 0.44 027 44 038 0.44 036 39 040 0.16 0.04 42 021 0.13 0.07 50 023 0.14 011 39 021
LLaMa-Curr-IT 0.27 0.12 39 0.26 0.41 0.29 35 035 0.10 0.07 40 0.19 0.04 0.05 48 0.19 0.13 0.07 38 0.19
LLaMa-Mix-IT 0.29 0.12 38 0.26 0.41 0.27 34 034 0.10 0.02 40 0.17 0.04 0.04 47 0.18 0.12 0.09 35 0.19
LLaMa-IT 0.49 0.25 43 0.39 0.72 0.51 38  0.54 0.14 0.07 40 0.20 0.04 0.03 51 0.19 0.23 0.20 37 027
Qwen3-Curr-IT 0.25 007 39 024 0.68 027 33 043 0.16 0.02 38 0.19 0.04 0.01 46 0.17 0.23 010 35 023
Qwen3-IT 0.25 0.05 39 023 0.67 0.27 33 042 0.13 0.02 38 0.18 0.06 0.01 46 0.18 0.23 0.09 36 023

Table 9: Evaluation results of partially trained models using 30% of the data across dialects in terms of ADI2
for MonoGen and XGen and chrF++ for MT. Avg denotes the macro-average performance across the three tasks
after normalizing chrF++ to [0, 1]. Curr and Mix denote Curriculum and Mixed CPT, respectively, and IT denotes
instruction tuning. Best scores per dialect are in bold.

EGY MAR PSE SAU SYR
Model MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg MonoGen XGen MT Avg
ALLaM-30% 0.67 0.27 46 047 0.73 0.36 41 050 0.21 0.05 44 0.23 0.24 0.06 51027 0.15 0.13 41 0.23
ALLaM-50% 0.26 0.17 27 023 0.34 0.23 23 027 0.11 0.02 27 013 0.10 0.07 31 0.16 0.11 0.09 23 0.14
ALLaM-70% 0.24 0.16 23 021 033 0.19 21 024 0.11 0.03 25 013 0.08 0.05 29 0.14 0.09 0.08 22 013
ALLaM-100% 0.27 0.18 24 023 0.35 0.23 23 027 0.12 0.05 26 0.14 0.09 0.06 31 0.15 0.10 0.09 22 0.14
Aya-30% 0.62 0.16 51 043 0.64 0.39 46 0.50 0.15 0.01 46 021 0.19 0.03 61 028 0.25 0.10 46 0.27
Aya-50% 0.31 0.17 48 032 0.43 0.28 43 038 0.11 0.02 43 0.19 0.11 0.06 57 025 0.16 0.09 43 0.23
Aya-70% 0.31 0.17 47 032 0.41 0.27 43 037 0.10 0.03 43 0.19 0.11 0.06 56 024 0.14 0.11 42 022
Aya-100% 0.54 0.18 53 042 0.65 032 47 048 0.17 0.01 46 021 0.18 0.02 63 028 0.20 0.09 48 0.26
CommandR-30% 0.53 0.30 16 033 0.69 0.52 13045 0.14 0.05 22 0.14 0.14 0.07 31 017 0.22 0.15 11 0.16
CommandR-50% 0.36 0.17 45 033 0.42 0.26 40 036 0.13 0.02 43 0.19 0.10 0.05 51 022 0.17 0.09 39 022
CommandR-70% 0.36 0.19 45 033 0.42 0.26 40 036 0.12 0.01 44 0.19 0.09 0.05 51 022 0.16 0.08 39 021
CommandR-100% 0.36 0.21 45 034 0.43 0.30 40 038 0.13 0.02 43 0.19 0.10 0.06 51 022 0.17 0.08 40 0.22
Fanar-Mix-30% 0.68 0.18 44 043 0.74 0.26 40 047 0.16 0.03 42 0.20 0.21 0.05 50 025 0.21 0.10 39 023
Fanar-Mix-50% 0.68 0.18 41 042 0.76 0.23 37 045 0.17 0.04 42 021 0.18 0.05 43 022 0.26 0.12 37 025
Fanar-Mix-70% 0.69 0.19 45 044 0.74 0.23 39 045 0.19 0.03 44 022 0.22 0.04 45 024 0.20 0.10 40 0.23
Fanar-Mix-100% 0.68 0.19 46 0.44 0.74 0.24 40 0.46 0.20 0.04 44 0.23 0.22 0.04 44 023 0.19 0.11 40 0.23
Gemma-Mix-30% 0.33 0.21 34029 0.40 0.28 31 033 0.11 0.05 36 017 0.12 0.08 41 020 0.14 0.10 33 0.19
Gemma-Mix-50% 0.35 0.21 38 031 0.44 0.30 34 036 0.11 0.05 39 018 0.13 0.08 43 021 0.16 0.1 33020
Gemma-Mix-70% 0.35 0.21 37 031 0.42 0.27 34 034 0.12 0.05 39 019 0.11 0.08 41 020 0.14 0.11 34 020
Gemma-Mix-100% 0.36 0.2 38 031 0.43 0.30 34 036 0.13 006 40 0.20 0.11 0.07 43 020 0.14 0.10 34 019

Table 10: Evaluation results of shortlisted models at instruction-tuning checkpoints (30%, 50%, 70%, and 100%)
across dialects in terms of ADI2 for MonoGen and XGen and chrF++ for MT. Avg denotes the macro-average
performance across the three tasks after normalizing chrF++ to [0, 1]. Best scores per dialect are in bold.

Submission EGY MAR PSE SAU SYR
Primary (P) ALLaM-30% LLaMa-30% ALLaM-30% Aya-30% Aya-30%
Contrastive-1 (C1) Aya-30% Aya-30% Aya-100% Aya-100% Aya-100%

Contrastive-2 (C2) Fanar-Mix-100% ALLaM-30%  Fanar-Mix-100% ALLaM-30% LLaMa-30%

Table 11: Submitted models per dialect. Percentages denote the training step at which each checkpoint was selected.
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Figure 1: t-SNE projections of the average hidden representations for sentences across the five dialects, categorized
by model.
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