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Abstract

Arabic, often considered a single language,
actually describes a wide variety of some-
times mutually unintelligible language vari-
eties. While large language models (LLMs)
have revolutionized natural language process-
ing (NLP) with rapid advances, these models
still best serve speakers of high-resource and
standard language varieties. One particular de-
ficiency of theirs is in dialectal Arabic. We
present the first ever shared task for dialectal
Arabic language modeling: Arabic Modeling
In Your Accent, or AMIYA. The goal of the
shared task was to develop LLMs that could (1)
respond in the correct dialectal variety when ex-
plicitly or implicitly prompted to, (2) translate
between dialectal Arabic and standard Arabic
or English, (3) adhere to LLM instructions in
dialectal Arabic, and (4) produce fluent Ara-
bic outputs. We called for submissions in the
dialectal varieties of five countries: Morocco,
Egypt, Palestine, Syria, and Saudi Arabia. We
received 45 submitted systems from six partici-
pating teams. We saw positive results from su-
pervised fine-tuning on a translation objective,
and reinforcement learning to improve dialect-
ness. Manual evaluation also showed that some
systems had learned to output dialectal words
or phrases, but at the expense of actual fluency
or coherence. Overall the most effective system
involved continual pre-training and supervised
fine-tuning of 12 candidate LLMs, followed by
selection of the best performing models.

1 Introduction and Related Work

Recent advances in LLMs have demonstrated im-
provements in text generation in Modern Standard
Arabic (MSA). However, performance remains lim-
ited when it comes to generating content in dialec-
tal Arabic (Keleg et al., 2023). LLMs are typically
proficient in high-resource language varieties, in-
cluding Modern Standard Arabic (MSA) (Singh
et al., 2024; Robinson et al., 2023), but they typi-

شنو كتقصد بھاد المثل: إذا طاحت البقرة كترو الجناوة؟

Monolingual Prompts

آه، فھمت دابا! كتقصد أن ملي كیوقع مشكل كبیر، كل واحد 
كیبدا یتفرج على لي واقع وكیبقا غیر یغوت

Cross-Lingual Prompts

If you were a corporate law with 15 years of 
mergers and acquisitions experience, how would 

you pivot to launch an AI enable tech startup step 
by step and in detail? Explain in Moroccan Arabic.

 أولا, خاصك دیر دراسة السوق باش تعرف شنو ھي الشركات لي 
كتخدم بزاف مع AI و شنو كیعجبھم. من بعد, خاصك تأسس

Translation Prompts

MSA → DA English → DA

DA → MSA DA → English

Figure 1: Evaluation across three task settings: monolin-
gual instrucitons, cross-lingual instructions, and transla-
tion (in four directions). Example outputs are Moroccan
Arabic from Maastricht University’s (UM) primary sub-
mission, which achieved the highest human evaluation
scores.

cally have poor or unreliable proficiency in dialec-
tal Arabic (DA) language varieties.

DA varieties often lack support in NLP applica-
tions, in part because of researchers’ tendency to
view Arabic as a "monolith" (Bergman and Diab,
2022). Contrary to this common perception, there
are 28 different ISO 639-3 specifications1 for dis-
tinct Arabic language varieties.

Robinson et al. (2025) found that while LLMs
demonstrate a growing capacity to comprehend text
in DA, they continue to struggle with generating
dialectal text fluently. Specifically, many LLMs un-
derstand some DA varieties and are able to model
them, but that they frequently fail to do so because
of a strong preference for MSA. This is problem-
atic for a number of reasons. While MSA is useful
in many contexts, it is not used in many others.

1https://wikipedia.org/wiki/ISO_639_
macrolanguage
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According to the Ethnologue,2 MSA does not have
native speakers. Comparatively, DA varieties like
Egyptian and Moroccan Arabic (i.e. Moroccan
Darija) have tens of millions of speakers. Many
native speakers of DA varieties are not proficient
in MSA, and those who are tend to be more edu-
cated and socially advantaged (Bergman and Diab,
2022). Hence LLMs’ singular proficiency in MSA
may exacerbate, rather than ameliorate, existing
inequalities. Robinson et al. (2025) suggest that
different pre-training, post-training, and prompting
methods may be used to mitigate LLMs’ difficulty
with DA.

To address this gap, we designed the first shared
task to evaluate and improve dialectal Arabic gen-
eration: Arabic Modeling In Your Accent, or
AMIYA.3 For AMIYA we adopt the AL-QASIDA
evaluation methodology (Robinson et al., 2025),
which evaluates the dialectal fidelity, understand-
ing, quality, and diglossia of LLMs when process-
ing and generating DA. Our goal is to develop
LLMs proficient in five major Arabic varieties, and
provide the research community with tools and in-
sights to bring about future developments.

2 Shared Task Overview

The AMIYA shared task evaluates LLM proficiency
in Dialectal Arabic for varieties from five countries:
Morocco, Egypt, Palestine, Syria, and Saudi Ara-
bia. This evaluation is conducted using the AL-
QASIDA methodology: both automatically and
with human scoring on a subset of samples (Robin-
son et al., 2025). There are three available tracks:
closed data, closed model, and open.

2.1 Closed Data Track
For the closed data track, the only permitted train-
ing data is provided by the organizers, but any
open-source LLM can be used (along with their
pre-trained weights). The training set for this sub-
mission track contains data from 17 different data
sources, which we describe here.

MADAR 26 The MADAR 26 bitext contains
12k sentences of multi-way parallel training data
across eight Arabic dialects, English, and Modern
Standard Arabic (MSA) (Bouamor et al., 2018).
It additionally includes 2k sentences for each of
26 city-level Arabic dialects. The corpus is high-
quality, and is composed of translations of the En-

2https://www.ethnologue.com/
3"Amiya," or " �

é J
 ÓA «" is the Arabic word for dialectal
Arabic itself.

glish Basic Traveling Expressions Corpus (BTEC)
(Takezawa et al., 2007). Its sentences are conversa-
tional and concise. The most recent test split4 was
off limits to participants.

SauDial The Saudi Arabic Dialects Game
Dataset is a multi-parallel bitext of 1001 lines from
4 Saudi Arabian dialects (Hejazi, Najdi, Eastern,
and Southern), English, and MSA (Alanazi et al.,
2025). The dataset focuses on topics related to lo-
calization for gaming and includes information on
each games’ age rating and any relevant cultural
context.

ASR-EgArbCSC The Egyptian Arabic Speech
Corpus5 contains 5.5 hours of conversational Egyp-
tian Arabic transcribed into 3.2k lines.

MASC Corpus The Multi-Arabic Sentiment
Corpus includes 6k lines in three divisions: prod-
uct reviews, political comments, and software com-
ments (Al-Moslmi et al., 2018). Each sentence is
labeled by two native speakers with positive or neg-
ative sentiment. Each annotator’s native country is
included as well.

Maknuune Maknunne is an open lexicon for
Palestinian Arabic with 36k entries from 17k lem-
mas and 3.7k roots (Dibas et al., 2022). Entries
include the diacritic Arabic orthographic form,
phonological transcription, and English gloss.

DODa The Darija Open Dataset contains ∼50k
sentences in Moroccan Arabic aligned with En-
glish translations (Outchakoucht and Es-Samaali,
2024). The dataset contains entries written both in
Arabic- and Latin-based writing systems to reflect
real-world usage patterns.

Shami Corpus The Shami Corpus contains ap-
proximately 10k tweets in each of four vari-
eties: Lebanese, Palestinian, Jordanian, and Syrian
(Abu Kwaik et al., 2018).

Atlaset The Atlaset dataset is a curated collection
of Moroccan text data (Bounhar, 2025). The train-
ing set includes 155M tokens from sources such as
social media posts and news articles. The dataset
encompasses both formal and informal registers
across domains.

4corpus-6-test-corpus-26-test
5https://magichub.com/datasets/

egyptian-arabic-conversational-speech-corpus/
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SDC The Saudi Dialect Corpus contains social
media data spanning various dialects of Arabic
from Saudi Arabia (Tarmom et al., 2020). In total,
the dataset includes 200k words.

Saudi Tweets Corpus The Saudi Tweets Corpus
includes 200k tweets from Saudi Arabian users
(Alruily, 2020). The dataset is cleaned of Twit-
ter artifacts such as emojis, retweet markers, and
hashtags.

SADSlyC The Saudi Arabian Dialects Song
Lyrics Corpus contains 31k lines of dialectal song
lyrics from the five major Saudi varieties: Najdi,
Hijazi, Shamali, Janoubi, and Shargawi (Alahmari,
2025). The dialect of each song is ascertained using
the hometown or birthplace of its author.

EDGAD The Egyptian Dialect Gender Anno-
tated Dataset contains about 200k tweets, labeled
with the gender of the writer (Hussein et al., 2019).
Each tweet comes from a user with at least 1k
tweets, and gender is determined via manual an-
notation, using profile information, tweet content,
and external information (for public figures).

EDC The Egyptian Dialect Corpus (EDC) in-
cludes 200k words, across 13k lines, of Egyptian
Arabic collected from Facebook (Tarmom et al.,
2020).

Casablanca Casablanca is an Arabic speech cor-
pus with transcriptions for samples in dialects from
eight countries: Algeria, Egypt, United Arab Emi-
rates, Jordan, Mauritania, Morocco, Palestine, and
Yemen (Talafha et al., 2024). The sentences also
include annotations on gender, dialect, and code
switching.

JODA The Jordanian Dialect Arabic (JODA)
dataset contains social media text, transcriptions of
films, and existing dialect corpora (Abandah et al.,
2025). These 50k sentences have been manually
annotated by expert linguists and translated into
MSA.

UFAL The UFAL parallel corpus includes 120k
sentences from OpenSubtitles (Sellat et al., 2023).
These sentences are translated into MSA and
Northern Levantine Arabic, in addition to English,
French, German, Greek, and Spanish.

Goud-Sum The Goud-Sum dataset is a set of
189k articles, with both headlines and categories
(Aftiss et al., 2025). These articles are in Moroccan

Arabic and/or MSA, scraped from the GOUD news
website.6

2.2 Closed Model Track

For this track, teams must train their LLMs from
scratch—that is, pre-trained weights are not al-
lowed. They can use any data except data that
has been explicitly restricted for testing.

2.3 Open Track

For this track, teams may use any pre-trained, open-
source LLM and any available data except that
which is restricted for the test set.

2.4 Evaluation Methodology

Our evaluation set was composed of subsets of four
datasets: Palm (Alwajih et al., 2025), FLORES-
200 (Goyal et al., 2022; NLLB Team et al., 2022),
Arena-Hard (Li et al., 2024), and MADAR-26
(Bouamor et al., 2018; Takezawa et al., 2007).

Palm is a dialectally diverse Arabic dataset com-
posed of LLM prompts. We initially intended to
use its designated test set for our evaluation. How-
ever, the test portion did not have enough data in
each of our dialects of interest. Hence, we used
portions of the Palm train set and repurposed them
for evaluation. The plurality of data in the set are
MSA, and we found through manual inspection that
even many of the sentences labeled as a DA variety
were also MSA. To mitigate this we filtered the
sentences in our dialects of focus by using ALDi
(Keleg et al., 2023) to measure their dialectness.
We only kept sentences scoring above 0.5 (indicat-
ing that they are more dialectal than standard). A
native Arabic speaker manually inspected a portion
of the filtered sentences to verify that the automatic
filtering was effective. This filtering yielded a to-
tal of 649 sentences for Moroccan Arabic, 283 for
Egyptian, 419 for Palestinian, 181 for Syrian, and
141 for Saudi.

As DA LLM instructions, the Palm sentences
were meant to evaluate LLMs’ monolingual gen-
eration ability to produce the same DA variety as
the input. For additional data of this same kind,
we used the first 200 sentences of FLORES-200
(NLLB Team et al., 2022) and the first 200 sen-
tences of the MADAR-26 corpus6-train split
(Bouamor et al., 2018) in each dialect. We con-
verted these generic sentences to LLM instructions
via AL-QASIDA, exactly as Robinson et al. (2025).

6https://www.goud.ma

https://www.goud.ma
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To evaluate LLMs’ ability in cross-lingual
generation—i.e., producing an explicitly requested
DA variety to respond to an English prompt, we
used 220 of the structured English LLM prompts
from Arena-Hard (Li et al., 2024). We converted
110 of these into LLM instructions requesting a DA
output by hand. We used Gemini7 to do the same
to another 110 and manually verified that they were
correct (with only minor error corrections needed).
We made copies of these 220 total sentences, re-
questing each of our five DA varieties by simple
string replacement.

Just as Robinson et al. (2025), we also availed
the multi-dialectal multi-parallel nature of the
FLORES-200 and MADAR-26 data to create
evaluation sets for English→DA, DA→English,
MSA→DA, and DA→MSA translation (with each
input formatted to be a translation instruction). Fig-
ure 1 illustrates the three types of LLM prompts
included in our evaluation.

We compute ADI2 dialectal fidelity score
(Robinson et al., 2025) to evaluate all outputs that
we expect to be DA, and chrF++ (Popović, 2017,
2015) to evaluate all translations.

In addition to these automatic metrics, native
Arabic speakers manually evaluated a total of 100
outputs from each team’s primary system (25 from
each of the data sources, excluding data intended
for translation). Our evaluator for Palestinian and
Syrian Arabic is a native speaker of Levantine Ara-
bic from Jordan, who has lived many years in Syria.
Our evaluator of Egyptian and Saudi outputs is a
native speaker of both Egyptian and Gulf Arabic,
and our evaluator of Moroccan outputs is a native
speaker of Moroccan Arabic.

Our evaluation is patterned after the AL-
QASIDA methodology (Robinson et al., 2025).
We measure dialectal fidelity with ADI2 score for
both monolingual, cross-lingual, and translation
prompts. We measure understanding by chrF++
score for DA→English MT and by human-given
adequacy scores. We measure generation quality
by English→DA chrF++ and by human-given flu-
ency scores. And we measure diglossia by chrF++
for MSA↔DA.

3 Shared Task Submissions

We received a total of 45 submitted systems from
six teams.

7https://gemini.google.com

3.1 Aladdin-FTI

Aladdin-FTI (or Aladdin) (Mutal et al., 2026) par-
ticipated in the closed data track with a system de-
signed to jointly model dialectal fidelity and diglos-
sic control. Their approach fine-tuned Hugging
Face’s SmolLM3-3B8 and Llama-3-8B-Instruct9

using a multi-objective training method that com-
bines (1) instruction-conditioned next-token dialec-
tal generation and (2) machine translation between
dialects, MSA, and English. The translation ob-
jective encourages semantic adequacy and aware-
ness of MSA–DA boundaries, while the instruction-
following generation objective promotes natural di-
alectal realization. By interpolating the two losses,
the team aimed to balance dialectal fidelity and
meaning preservation (e.g. in translation). Their
system supports Moroccan, Egyptian, Palestinian,
Syrian, and Saudi dialects. In their experiments
they compared fine-tuning (1) purely for MT, (2)
purely for instruction following, and (3) their com-
bination. They found that training with the joint
objective, by combining MT instruction data and
standard instruction data, provides the best trade-
off between dialect fidelity and translation qual-
ity. They submitted for all five dialects, using
their system based on Llama-3-8B-Instruct as their
primary submission and their system based on
SmolLM as contrastive1.

3.2 Brigham Young University

BYU (Hamad and Al-Najjar, 2026) made a closed
data track submission for Palestinian Arabic by
fine-tuning on a combination of the provided
Maknuune, Shami, Casablanca, MASC, and JODA
corpora (Dibas et al., 2022; Abu Kwaik et al.,
2018; Talafha et al., 2024; Al-Moslmi et al., 2018;
Abandah et al., 2025). Their submitted system
was based on Qwen2.5-1.5B-Instruct.10 They em-
ployed parameter-efficient fine-tuning, updating
approximately 0.28% of the model’s parameters,
and demonstrated improved performance on both
translation and generation.

3.3 Maastricht University

Maastricht University (UM) (Alali and Issam,
2026) participated in the closed data track. Their

8https://huggingface.co/HuggingFaceTB/
SmolLM3-3B

9https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

10https://huggingface.co/Qwen/Qwen2.5-1.
5B-Instruct

https://gemini.google.com
https://huggingface.co/HuggingFaceTB/SmolLM3-3B
https://huggingface.co/HuggingFaceTB/SmolLM3-3B
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
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system development involved three processes: Low
Rank Adaptation (LoRA), adapter merging, and
Minimum Bayes Risk (MBR) decoding (Hu et al.,
2021; Bapna and Firat, 2019; Houlsby et al., 2019;
Bickel and Doksum, 1977; Kumar and Byrne,
2004). The used LoRA to train layer adapters on
two contrastive objectives: (1) unsupervised fine-
tuning with a language modeling objective on DA
data, and (2) supervised fine-tuning with a trans-
lation objective. They found that merging mono-
lingual and translation-based adapters improved
the balance between dialectal fidelity (measured by
ADI2) and semantic fidelity (measured by chrF++).
They compared use of Llama 3.2 (Meta, 2024) and
JAIS-2 (Sengupta et al., 2023) as their base mod-
els and found that while Llama 3.2 had superior
ADI2, JAIS-2 was a stronger translator and had
more balanced scores overall. As a final step they
used MBR to ensemble different checkpoints, using
ADI2 and chrF++ as objectives. They submitted
systems based on JAIS-2 for Syrian, Moroccan,
and Saudi dialects.

3.4 Mohammed Bin Zayed University of
Artificial Intelligence

The MBZUAI team (Gaber et al., 2026) explored
fine-tuning methods for the closed data track. They
explored 12 different LLMs to use as an initial-
ization, including some instruction-tuned models
and some base models. The methodology was
to fine-tune the base models using continual pre-
training (CPT), then to fine-tune both base and in-
struct models with instruction fine-tuning. They ex-
plored both curriculum and mixed data approaches
to handling DA, MSA, and English in the pro-
vided data for CPT. They created instruction tun-
ing data from MADAR-26 data with an MT in-
struction template, and then took a subset of the
same data and synthetically created instructions for
monolingual and cross-lingual generation (using
provided templates for the former and Command
series models from Cohere for the latter). They
tested which models performed best for each di-
alect off the shelf, then explored which models
showed promise in fine-tuning on data subset. The
six best overall candidate models were selected for
full fine-tuning. They selected the three best per-
forming models for each of the five dialects as their
primary, contrastive1, and contrastive2 sub-
missions.

3.5 National University of Singapore -
Institute of Data Science

NUS-IDS (Das Gollapalli et al., 2026) made a
closed data track submission by employing a
unique training approach. Their initial step was
to train LLMs for Arabic dialect identification and
inter-dialectal translation. They then pass prompts
from various data categories (including translation,
summarization, and question-answering) through
an LLM to construct a dataset for reinforcement
learning (RL), i.e. preference tuning. If the trained
dialect classifier finds the output to be the right
dialect, it is labeled as a positive example. Oth-
erwise, it is labeled as negative, and the trained
translator creates a second output by translating
into the correct dialect, which is labeled as posi-
tive. The team used this preference data for RL
and found improvements in ADI2, at the expense
of worsened translation metrics. Their primary
submission for all five dialects was Llama-3.1-8B-
Instruct11 fine-tuned in this way. Their contrastive
submissions used Qwen-2.5-7B-Instruct12 (Yang
et al., 2024; Team, 2024) post-trained as a trans-
lator; contrastive1 was trained with RL as well
afterwards, while contrastive2 was not.

3.6 Syrian Dialect Arabic NLP
SDNLP (Alkhder and Abboush, 2026) was the
only team to submit to the open track. They fo-
cused on Syrian Arabic adaptation based on the
integration of parameter-efficient fine-tuning with
prompt-guided inference. They used their own
30k-utterance dataset of caption data from Turkish
television shows dubbed in Syrian Arabic. They
employed Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to adapt a pretrained instance of Llama-3.1-
8B to model Syrian Arabic.

4 Evaluation Results

We discuss results from both automatic and hu-
man evaluations across systems. Because all but
one submission were in the closed data track, we
compare all results together.

4.1 Automatic Scores
Results are in Tables 1 - 5. Best system results are
bold, as are baseline results when they remained
unbested. Table 1 shows overall ADI2 scores

11https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

12https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
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submission mar egy pse syr sau

Aladdin-FTI primary 37.8% 15.2% 7.4% 21.5% 4.9%
Aladdin-FTI contrastive1 37.5% 15.1% 7.1% 24.5% 3.6%

BYU primary – – 5.4% – –

MBZUAI primary 56.9% 44.5% 9.5% 17.8% 10.1%
MBZUAI contrastive1 54.0% 39.0% 8.6% 17.3% 8.5%
MBZUAI contrastive2 57.5% 45.2% 10.1% 21.3% 14.2%

NUS-IDS primary 70.1% 62.9% 12.2% 10.2% 7.3%
NUS-IDS contrastive1 68.5% 56.0% 13.3% 36.2% 14.6%
NUS-IDS contrastive2 32.0% 0.6% 1.3% 0.6% 0.7%

SDNLP primary – – – 28.0% –

UM primary 67.9% – – 38.9% 46.4%

Baseline 10.2% 11.1% 1.9% 1.3% 0.9%

Table 1: Average ADI2 scores across all datasets and
tasks asking for DA responses. As Robinson et al.
(2025), we use an LID filter that automatically assigns
a score of 0 to sentences not identified as Arabic.

submission mar egy pse syr sau

Aladdin-FTI primary 32.3 34.2 37.6 22.6 36.3
Aladdin-FTI contrastive1 32.0 33.2 36.3 20.1 36.2

BYU primary – – 13.8 – –

MBZUAI primary 22.7 33.6 36.9 31.0 34.1
MBZUAI contrastive1 26.8 34.3 34.0 31.0 36.2
MBZUAI contrastive2 25.8 31.2 30.5 25.7 32.6

NUS-IDS primary 8.6 11.7 12.1 11.9 13.2
NUS-IDS contrastive1 11.9 15.8 15.3 14.0 15.8
NUS-IDS contrastive2 24.0 20.6 22.9 20.2 32.9

SDNLP primary – – – 14.8 –

UM primary 30.0 – – 34.4 19.8

Baseline 23.9 30.3 32.4 31.6 35.5

Table 2: Aggregate chrF++ scores for ENG→DA MT

for each submitted system. These are computed
across all combined eval data subsets that expect
DA responses: both monolingual prompts (Palm,
FLORES, MADAR); cross-lingual (Arena-Hard);
and MT (FLORES and MADAR English→DA
and MSA→DA). In the Moroccan (mar), Egyp-
tian (egy), and Palestinian (pse) dialects, NUS-
IDS’ RL-tuned systems scored best, casting their
unique preference tuning approach as a promising
method for better dialectal fidelity. In Syrian (syr)
and Saudi (sau), UM performed best. This was
somewhat surprising since the only supervised data
their model was fine-tuned on were MT prompts
specifically, and could be an indication of the ef-
fectiveness of the unsupervised post-training they
conducted prior to adapter merging.

The baseline model for automatic evaluations is
Llama-3.1-8B-Instruct, run with each test prompt
placed entirely in the "user" field of its input. We se-
lected this baseline because it relatively performed

submission mar egy pse syr sau

Aladdin-FTI primary 46.2 50.0 53.0 39.8 54.0
Aladdin-FTI contrastive1 45.6 49.6 53.5 39.8 54.5

BYU primary – – 11.2 – –

MBZUAI primary 44.9 47.7 50.4 54.1 58.4
MBZUAI contrastive1 51.0 53.4 58.0 52.7 57.9
MBZUAI contrastive2 44.6 43.3 50.0 48.2 52.2

NUS-IDS primary 19.2 19.0 20.4 18.9 20.1
NUS-IDS contrastive1 17.9 21.3 22.3 21.1 23.2
NUS-IDS contrastive2 33.9 6.2 47.2 9.4 54.1

SDNLP primary – – – 36.2 –

UM primary 49.9 – – 51.9 0.0

Baseline 45.9 49.7 52.5 49.5 56.4

Table 3: Aggregate chrF++ scores for DA→ENG MT

submission mar egy pse syr sau

Aladdin-FTI primary 26.6 28.8 31.2 23.2 43.2
Aladdin-FTI contrastive1 25.1 27.5 30.7 19.4 32.1

BYU primary – – 17.6 – –

MBZUAI primary 34.9 39.5 40.5 37.6 55.3
MBZUAI contrastive1 35.3 43.7 40.1 36.8 56.9
MBZUAI contrastive2 33.1 36.4 42.4 37.4 42.8

NUS-IDS primary 11.6 17.3 16.0 16.6 19.7
NUS-IDS contrastive1 11.2 16.5 15.5 15.7 17.5
NUS-IDS contrastive2 32.4 12.5 30.9 9.7 60.1

SDNLP primary – – – 15.6 –

UM primary 33.8 – – 40.3 24.2

Baseline 30.8 42.1 40.4 39.8 61.4

Table 4: Aggregate chrF++ scores for MSA→DA MT

well on Robinson et al.’s (2025) evaluation. How-
ever, with this eval set and prompting method its
dialectal fidelity is far below that of the submitted
systems.

Table 2 shows chrF++ scores for MT of English
(ENG) into DA. In this setting, Aladdin’s Llama-
based system performed best on Moroccan, Pales-
tinian, and Syrian; MBZUAI did best on Egyptian,
and UM won out oon Syrian. (Note also that best
scores from each of these three teams are fairly
close to one another across all five dialects.) Al-
addin, MBZUAI, and UM (as well as NUS-IDS
with their contrastive2 system) all trained on
MT-specific instruction fine-tuning data and all
scored fairly well on this task.

In the following tables, 3 for DA→ENG, 4
for MSA→DA, and 5 for DA→MSA, we see a
common trend: MBZUAI’s systems perform best.
The only exceptions to this are MSA-to-Syrian
MT, which UM excelled at, and MSA-to-Saudi
MT, which NUS-IDS did best (with their model
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submission mar egy pse syr sau

Aladdin-FTI primary 27.4 29.4 31.2 24.6 42.1
Aladdin-FTI contrastive1 27.1 28.0 30.7 21.3 34.2

BYU primary – – 17.3 – –

MBZUAI primary 39.3 43.9 41.6 40.3 65.3
MBZUAI contrastive1 44.1 50.6 42.9 44.4 66.3
MBZUAI contrastive2 37.9 39.1 41.8 34.6 53.2

NUS-IDS primary 13.3 17.5 15.9 14.9 21.6
NUS-IDS contrastive1 16.0 19.7 18.6 20.8 32.7
NUS-IDS contrastive2 35.1 11.2 32.8 12.1 59.1

SDNLP primary – – – 6.7 –

UM primary 39.5 – – 43.4 37.2

Baseline 39.3 47.3 44.4 42.1 68.5

Table 5: Aggregate chrF++ scores for DA→MSA MT

Adherence level Rating

The response fulfills user request com-
pletely

3

The response fulfills half or part of the user
request

2

The response does not fulfill the user re-
quest at all

1

Table 6: Adherence: did the model response fulfill all
that was asked in the prompt?

trained on an MT objective only). Specifically for
the out-of-DA translation directions (Tables 3 and
5), MBZUAI’s Aya-based systems performed best;
these include all of their contrastive1 systems
and their primary systems for Syrian and Saudi
DA. This could be in part because Aya (Dang et al.,
2024; Üstün et al., 2024) was trained on a highly
multilingual dataset, including explicit support for
English and MSA (the target languages here).

Notice that across MT evaluations, many sys-
tems did not outperform the baseline, and even
the best systems typically only outperformed it
by small margins (if at all). However, we wish
to point out that the baseline model’s outputs for
into-DA translation, while they may achieve high
chrF++, have extremely low ADI2 scores. And
for into-MSA translation it may benefit from the
unfortunate proximity between MSA and the DA
subsets of FLORES. All of this said, we hope that
in future years participants will be able to beat the
baseline more convincingly in all metrics.

See Appendix B for more more detailed, genre-
specific score breakdowns.

Fluency level Rating

The response is indistinguishable from na-
tive Arabic text

5

The response is understandable, but likely
not native Arabic text

4

The response is clearly not native Arabic
text, recurrent disfluencies are glaring or
inhibit understanding (or includes copied
text from the input prompt alongside newly
generated text)

3

The response contains some fluent ele-
ments, but mostly not fluent (or copies the
input prompt without innovating)

2

The response is not fluent, or not Arabic 1

Table 7: Fluency: did the model generate a response
that could have been written by a native Arabic speaker?

4.2 Human Evaluation Scores
We detail our human evaluation process and present
its results.

4.2.1 Evaluation Criteria
To assess the quality of dialectal Arabic generation,
we conducted a comprehensive human evaluation
with three native Arabic speakers, each proficient
in multiple dialectal varieties. Our evaluators in-
cluded a native Gulf/Egyptian speaker, a Levantine
speaker, and a Moroccan speaker, providing cov-
erage across all five dialects included in our study.
The annotators, who are also authors of this work,
evaluated each team’s primary submission on a
sample of 25 prompt completions each from Palm,
MADAR, FLORES, and Arena-Hard; or 100 sam-
ples total per dialect per team. Each completion
was assessed along two dimensions that are diffi-
cult to measure automatically: model Adherence
and Fluency.

Adherence refers to whether the model response
fulfilled the original user request, using a 3-point
scale, displayed in Table 6. Fluency refers to
whether the model generated a response that ap-
pears to have been written by a native Arabic
speaker, with coherent sentence structure (in either
DA or MSA). We used a 5-point scale to capture
the various degrees of fluency, shown in Table 7.

4.2.2 Annotator Results Overview
The resulting average scores of our human evalua-
tion are shown in tables 8 and 9. One thing is fairly
simple about the results trends: MBZUAI’s submis-
sion performs best in every measurement, with the
exception of UM in Moroccan fluency. For Adher-
ence, most models average between 1 ("does not
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mar egy pse syr sau

Aladdin 1.78 1.80 1.17 1.12 1.66
BYU – – 1.26 – –
MBZUAI 2.04 2.07 1.61 1.62 2.10
NUS-IDS 1.40 1.92 1.17 1.18 2.05
SDNLP – – – 1.12 –
UM 1.97 – – 1.15 1.12

Table 8: Adherence: average human score per team and
dialect

mar egy pse syr sau

Aladdin 3.15 2.77 2.68 2.44 3.15
BYU – – 2.99 – –
MBZUAI 3.20 3.59 3.48 3.43 3.37
NUS-IDS 1.43 2.22 2.40 2.46 2.83
SDNLP – – – 2.93
UM 3.37 – – 2.63 2.38

Table 9: Fluency: average human score per team and
dialect

fulfill the user request at all") and 2 ("fulfills half
or part of the user request"); and the best perform-
ing models average between 2 and 3 ("fulfills user
request completely"). In terms of Fluency, most
models average between 2 ("contains some fluent
elements, but mostly not fluent") and 3 ("clearly
not native Arabic text"); and the best models per-
form between 3 and 4 ("understandable, but likely
not native Arabic text").

Our findings suggest that knowledge of dialectal
lexicon does not necessarily translate to conversa-
tional competence in a particular dialect. Even
when models demonstrate facility with dialectal
vocabulary, they lack the cultural and contextual
knowledge necessary for accurate and disambigu-
ous discourse. High dialectal scores alone do not
necessarily result in coherent and fluent responses,
as models can parrot the original prompt or use
a pool of dialectal words without meaningful sen-
tence structure. For example, Aladdin’s system
acheived high ADI2 scores (shown in Table 1), but
scored poorly on Adherence in Table 8. This is
a limitation that extends beyond purely linguistic
competence to encompass broader understanding
of DA varieties. This pattern aligns with Robinson
et al. (2025), who report that LLMs understand
Dialectal Arabic better at than they generate it,
and reveal a reluctance to produce dialectal out-
put along with insufficient depth of dialect-specific
knowledge.

We include detailed observations from the an-
notators regarding each dialect in Appendix A.

5 Conclusions

One of our conclusions from our human evaluation
was that command of dialectal vocabulary does not
equate to conversational fluency, as models often
lack the cultural and contextual structure required
to use words appropriately in the native dialect.
Models can achieve high ADI2 scores by parroting
prompts or inserting dialectal terms without con-
structing meaningful, coherent sentences, which
could be misleading as a signal of fluency.

Looking at our evaluation campaign comprehen-
sively, it seems that the MBZUAI team performed
best overall. Their systems, produced by selecting
the best performing of 12 candidate model initial-
ization after CPT and SFT with an MT objective,
dominated most of the MT evaluations and nearly
all the human evaluations, and they performed rea-
sonably well in dialectal fidelity as well. This
speaks to the effectiveness of a simple approach
combining CPT and SFT, and the importance of
casting a wide net in terms of candidate models.
The MBZUAI teams’ thoroughness in exploring a
wide variety of LLMs paid off in their performance.

We also point out that Aladdin’s systems per-
formed well on into-DA translation, though they
performed less well in adherence to generic user
requests. This indicates that the model may have
become an MT specialist, which is conceivable
given that it was trained on a mixture including MT
supervised data. Other submissions that occasion-
ally stood out were UM and NUS-IDS. UM per-
formed best or nearly best on all translation direc-
tions involving Syrian Arabic. They also achieved
best or nearly best ADI2 scores across all three
dialects they submitted for, and their model per-
formed nearly as well as or better than MBZUAI’s
for both Adequacy and Fluency in Moroccan. The
RL-trained systems of NUS-IDS generally per-
formed poorly in MT and human evaluations, but
they scored best or nearly best in ADI2 score for
every dialect except Saudi. This indicates that their
novel method of preference tuning with synthetic
correct-dialect and incorrect-dialect completions
has promise for increasing ADI2 score. In this case,
it appears to have degraded other abilities, but per-
haps future researchers will find a way to combine
it with other objectives and minimize this loss.

Limitations

Our evaluation campaign this year left a few things
to be desired. To start, our suggested method for
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participants to evaluate their own systems inter-
nally was by running Robinson et al.’s (2025) AL-
QASIDA. We found that this was less than prac-
tical for three reasons. First, participants strug-
gled to set up the proper environments to run AL-
QASIDA, and the code base was less adaptable
to different kinds of models than we would have
liked. For future evaluations it may be wise to
set up a "lite" version of AL-QASIDA that sim-
ply computes ADI2 and chrF++ scores. The orig-
inal implementation has model inference built in
as an intermediate step, but perhaps it would be
easier for teams to do their own inference sepa-
rately. This would allow for more versatility. Sec-
ond, AL-QASIDA is time-consuming to run (and
essentially not runnable without access to GPUs).
This is more difficult to address, but could also
be alleviated somewhat by a "lite" version of the
benchmark. Third, different conventions about how
LLMs are prompted (whether with plain text input
or a structured dictionary with roles) can vary. The
original AL-QASIDA evaluation process was not
equipped to account for this variation, which can
lead to results that seem inconsistent with previ-
ously published scores.

Another shortcoming of our campaign this year
lay in our use of the FLORES dataset. Unfortu-
nately, some of the dialectal Arabic subsets of
FLORES-200 are too close to MSA. The Saudi
subset, for example, is closer to the Flores-200
MSA subset itself than even a reasonable set of
MSA paraphrases would be. This makes results
using FLORES somewhat questionable (and vir-
tually ensures that models scoring high on Saudi
ADI2 will score poorly on into-Saudi MT, and vice
versa).
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Moura, Dominik Krzemiński, Hakimeh Fadaei, Irem
Ergun, Ifeoma Okoh, and 14 others. 2024. Aya
dataset: An open-access collection for multilingual
instruction tuning. In Proceedings of the 62nd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 11521–
11567, Bangkok, Thailand. Association for Compu-
tational Linguistics.

Toshiyuki Takezawa, Genichiro Kikui, Masahide
Mizushima, and Eiichiro Sumita. 2007. Multilin-
gual spoken language corpus development for com-
munication research. pages 303–324.

Bashar Talafha, Karima Kadaoui, Samar Mohamed
Magdy, Mariem Habiboullah, Chafei Mohamed
Chafei, Ahmed Oumar El-Shangiti, Hiba Zayed,
Mohamedou Cheikh Tourad, Rahaf Alhamouri,
Rwaa Assi, Aisha Alraeesi, Hour Mohamed,
Fakhraddin Alwajih, Abdelrahman Mohamed, Ab-
dellah El Mekki, El Moatez Billah Nagoudi, Benel-
hadj Djelloul Mama Saadia, Hamzah A. Alsayadi,
Walid Al-Dhabyani, and 8 others. 2024. Casablanca:
Data and models for multidialectal Arabic speech
recognition. In Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Pro-
cessing, pages 21745–21758, Miami, Florida, USA.
Association for Computational Linguistics.

Taghreed Tarmom, William Teahan, Eric Atwell, and
Mohammad Ammar Alsalka. 2020. Compression
versus traditional machine learning classifiers to de-
tect code-switching in varieties and dialects: Arabic
as a case study. Natural Language Engineering,
26(6):663–676.

Qwen Team. 2024. Qwen2.5: A party of foundation
models.

Ahmet Üstün, Viraat Aryabumi, Zheng Yong, Wei-
Yin Ko, Daniel D’souza, Gbemileke Onilude, Neel
Bhandari, Shivalika Singh, Hui-Lee Ooi, Amr
Kayid, Freddie Vargus, Phil Blunsom, Shayne Long-
pre, Niklas Muennighoff, Marzieh Fadaee, Julia
Kreutzer, and Sara Hooker. 2024. Aya model: An
instruction finetuned open-access multilingual lan-
guage model. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 15894–
15939, Bangkok, Thailand. Association for Com-
putational Linguistics.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng,
Bowen Yu, Chang Zhou, Chengpeng Li, Chengyuan
Li, Dayiheng Liu, Fei Huang, Guanting Dong, Hao-
ran Wei, Huan Lin, Jialong Tang, Jialin Wang, Jian
Yang, Jianhong Tu, Jianwei Zhang, Jianxin Ma, and
40 others. 2024. Qwen2 technical report. arXiv
preprint arXiv:2407.10671.

A Annotator Observations

In this section we discuss some of the annotators’
qualitative observations as they conducted the hu-
man evaluation.

https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2405.13016
https://arxiv.org/abs/2405.13016
https://doi.org/10.18653/v1/W15-3049
https://doi.org/10.18653/v1/W15-3049
https://doi.org/10.18653/v1/W17-4770
https://doi.org/10.18653/v1/W17-4770
https://doi.org/10.18653/v1/2023.wmt-1.40
https://doi.org/10.18653/v1/2023.wmt-1.40
https://doi.org/10.18653/v1/2025.findings-acl.1137
https://doi.org/10.18653/v1/2025.findings-acl.1137
https://doi.org/10.18653/v1/2025.findings-acl.1137
http://hdl.handle.net/11234/1-5033
https://doi.org/10.18653/v1/2024.acl-long.620
https://doi.org/10.18653/v1/2024.acl-long.620
https://doi.org/10.18653/v1/2024.acl-long.620
https://doi.org/10.18653/v1/2024.emnlp-main.1211
https://doi.org/10.18653/v1/2024.emnlp-main.1211
https://doi.org/10.18653/v1/2024.emnlp-main.1211
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://doi.org/10.18653/v1/2024.acl-long.845
https://doi.org/10.18653/v1/2024.acl-long.845
https://doi.org/10.18653/v1/2024.acl-long.845


12

Prompt [..] dataset which contains 2D images, [..] how to find the closest image?
Explain in Egyptian Arabic.

Flu. Adh.
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Aladdin Step 1: Understand the problem statement: The problem is that I am trying
to find the best match for an image from a dataset containing a list of
images. The goal is to output the index of the best-matching image in the
list. Step 2: Identify the input and output formats. Input format: A list
of images. Output format: The index of the image in the input list that
matches the query image...

1 3

MBZUAI - 1 1

Table 10: Example prompt for a technical request in Egyptian Arabic, responses shortened for display

A.1 Egyptian

The LLMs evaluated for Egyptian Arabic demon-
strate comparable Adherence levels, with most re-
sponses partially fulfilling the original prompt re-
quests. However, notable differences emerged with
respect to Fluency. The NUS-IDS model drew from
a mix of dialectal terms spanning multiple vari-
eties, while maintaining only partial sentence coher-
ence. Aladdin’s model generated dialectal phrases
characteristic of social media registers, with less
alignment to the request and repetition of words
within the prompt (i.e. parroting). The MBZUAI
model demonstrated stronger comprehension rel-
ative to other submissions, though responses con-
tained grammatical errors or fell short of native-like
production.

Additionally, we observed instances where
NUS-IDS and Aladdin models demonstrated un-
derstanding and high adherence of the prompt but
failed to maintain the Egyptian dialect, instead
responding in a mixed dialect or entirely in En-
glish. This is especially evident in prompts requir-
ing code, or technical or highly structured outputs,
where responses could be thorough, albeit in En-
glish or other dialects.

Table 10 presents a representative example
where the prompt asks to explain a technical con-
cept in Egyptian Arabic. NUS-IDS produced
mixed dialectal lexical items with inconsistent
structure, Aladdin generated dialectal phrasing but
failed to address prompt content, and MBZUAI

defaulted entirely to English.

A.2 Moroccan

Across the 100 Moroccan prompts, the four sys-
tems can be divided into two distinct performance
tiers. NUS-IDS consistently underperformed on
both Fluency and Adherence, producing responses
that were often difficult to comprehend and drifted
from the target Moroccan variety.

Among the remaining three systems, the per-
formance trade-offs demonstrate more nuance.
MBZUAI achieves the highest average Adherence,
suggesting it most reliably maintains alignment
with Moroccan dialectal features. UM achieves
the highest average Fluency, indicating more con-
sistently readable and well-formed responses. Al-
addin demonstrates competitive performance on
Arabic prompts but exhibits high variance, perform-
ing well when prompts are already in Arabic, but
declining sharply on English or technical prompts
that still require Moroccan Arabic output.

This gap is illustrated in Table 11, where an En-
glish prompt explicitly requesting Moroccan Ara-
bic asks how a corporate lawyer might pivot to
launching an AI-enabled startup, UM produces a
structured, actionable response in the Moroccan
dialect demonstrating stability. MBZUAI similarly
maintains dialectal output but with slightly more
variability in phrasing. In contrast, Aladdin tends
to drift on such cross-lingual instructions, often
resorting to English or generating unrelated con-
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tent, while NUS-IDS outputs incoherent or off-
topic text.

A.3 Palestinian
The results indicate that none of the evaluated mod-
els consistently adhered well to the prompts, with
average Adherence scores remaining low across
all submissions. MBZUAI performed best over-
all, achieving the highest Adherence score and no-
tably stronger Fluency (3.48), suggesting that it
has better command of the Palestinian dialect. The
remaining teams (NUS-IDS, Aladdin, and BYU)
demonstrated similar levels of Adherence, while
Fluency scores varied from limited to moderately
understandable.

These findings indicate that while some
progress has been made in Fluency, particularly by
MBZUAI, accurate fulfillment of user requests in
Palestinian Arabic remains a significant challenge
across models.

Additionally, prompts requiring paraphrasing of
specific statements while preserving meaning in
Palestinian Arabic revealed notable performance
variation across teams. Several models struggled
to produce genuine paraphrases without using the
original wording, implying limited lexical flexibil-
ity. See Table 12.

A.4 Saudi Arabian
Overall, the models demonstrate greater Fluency
in the Saudi dialect compared to the other dialects,
in addition to marginally higher Adherence scores.
Although responses contained highly dialectal vo-
cabulary, there are instances where sentence struc-
ture did not form fully coherent answers or failed
to completely address the original user request.

It is interesting to note that where prompts in-
corporated culturally relevant content using local
idioms, the models did not produce meaningful re-
sponses despite using terminology used frequently
in Saudi conversational style.

NUS-IDS produced instances of mixed dialects
within single responses alongside highly dialectal
but incoherent outputs. Team Aladdin generated
phrases in non-Saudi varieties and failed to pro-
vide responses with substantial meaning, largely
parroting the original prompt without meaningful
elaboration. UM produced dialectal phrases typ-
ically used in conversation but without coherent
sentences.

MBZUAI demonstrated stronger comprehen-
sion and Fluency relative to other submissions,

though generated responses contained grammat-
ical errors or fell short of native-like production.
It is also notable that this model produced halluci-
nated responses with a confident tone, particularly
relating to idioms and phrases. See Table 13.

A.5 Syrian
With regards to Syrian Arabic, Adherence to
prompts remained limited across most submissions.
MBZUAI clearly outperformed other systems and
demonstrated stronger Syrian dialect generation,
achieving the highest Adherence (1.62) and Flu-
ency (3.43).

For the NUS-IDS, Aladdin, UM, and SDNLP
teams, the results yielded comparably low Ad-
herence scores, reflecting partial or irrelevant re-
sponses to prompts. With respect to Fluency,
SDNLP and UM produced moderately more nat-
ural responses than NUS-IDS and Aladdin. How-
ever, responses did not sound completely native,
reinforcing the idea of gaps in dialectal naturalness
and accuracy.

Models exhibited unexpected difficulties with
what should have been a relatively straightforward
vocabulary word: �

éjJ

	
®� (sfiha), a well-known

Syrian and Levantine dish. Only UM partially iden-
tified the term within a food context, while SDNLP
largely reproduced the prompt without elaboration.
NUS-IDS and Aladdin misinterpreted the term en-
tirely, conflating �

éjJ

	
®� with �

é J

	
Kñ
�
Jº

�
K

�
éjJ


	
®�

(tectonic plate) and producing responses that were
off-tangent. See Table 14.

B Genre-specific Automatic Scores

In this section we display the ADI2 and chrF++
scores across all different evaluation subsets men-
tioned in §2.4.

See tables 15, 16, 17, 18, 19, 20, 21, and 18, 22
for ADI2 scores across eval subsets; and see tables
23, 24, 25, 26, 27, 28, 29, and 30 for chrF++ scores
across eval subsets.
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Prompt If you were a corporate law [..] pivot to launch an AI enable startup [..] Explain in
Morrocan Arabic
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Aladdin Here’s an example of what I mean: An AI model predicts that for any
input image X, a pre-trained neural network will generate a probability
distribution over all possible 48 x 48 input images it can possibly generate.
Specifically, a high-confidence output is provided by a convolution...
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Table 11: Example prompt asking how a corporate lawyer might pivot to launching an AI-enabled startup in
Moroccan Arabic. Note: prompt and responses have been shortened for formatting purposes.
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Table 12: Example prompt asking to rephrase a specific Palestinian Arabic statement shows limited flexibility in
models generating paraphrased content. Note: responses have been shortened for formatting purposes.
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Table 13: Example prompt asking to describe the Saudi flag in Saudi Arabic; models generate made up answers
with moderate fluency. Note: responses have been shortened for formatting purposes.
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Table 14: Example prompt asking about a well-known Syrian dish; models generate mixed responses with little
adherence. Note: responses have been shortened for formatting purposes.
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submission mar egy pse syr sau

Aladdin-FTI primary 35.4% 13.3% 8.9% 11.8% 3.2%
Aladdin-FTI contrastive1 33.8% 12.8% 9.8% 14.1% 4.5%

BYU primary – 7.0% – –

MBZUAI primary 53.3% 42.0% 13.7% 9.8% 10.8%
MBZUAI contrastive1 54.8% 33.2% 16.2% 12.2% 8.3%
MBZUAI contrastive2 56.8% 51.5% 21.5% 27.5% 7.2%

NUS-IDS primary 73.9% 66.6% 16.3% 8.0% 3.9%
NUS-IDS contrastive1 43.4% 19.3% 12.8% 26.8% 2.9%
NUS-IDS contrastive2 25.4% 0.6% 3.6% 0.7% 0.9%

SDNLP primary – – 30.4% –

UM primary 87.8% – 53.7% 53.9%

Baseline 5.7% 5.4% 4.3% 1.4% 0.4%

Table 15: ADI2 on Palm prompts

submission mar egy pse syr sau

Aladdin-FTI primary 39.2% 8.2% 4.4% 8.4% 0.3%
Aladdin-FTI contrastive1 39.3% 7.7% 4.8% 11.8% 0.6%

BYU primary – 6.8% – –

MBZUAI primary 69.6% 59.2% 12.6% 13.0% 2.5%
MBZUAI contrastive1 56.8% 47.8% 9.2% 13.5% 3.8%
MBZUAI contrastive2 71.6% 58.6% 11.6% 11.4% 9.2%

NUS-IDS primary 87.1% 66.8% 6.9% 2.1% 1.7%
NUS-IDS contrastive1 73.3% 17.1% 6.4% 32.2% 0.3%
NUS-IDS contrastive2 39.7% 0.2% 0.9% 0.0% 0.1%

SDNLP primary – – 29.7% –

UM primary 77.5% – 45.5% 42.8%

Baseline 13.1% 12.3% 0.7% 1.2% 0.0%

Table 16: ADI2 on FLORES monolingual prompts

submission mar egy pse syr sau

Aladdin-FTI primary 44.1% 17.0% 11.3% 15.3% 4.9%
Aladdin-FTI contrastive1 49.7% 12.4% 11.9% 24.1% 2.2%

BYU primary – 11.1% – –

MBZUAI primary 72.8% 68.2% 19.3% 24.7% 16.0%
MBZUAI contrastive1 74.7% 61.2% 16.6% 22.2% 14.3%
MBZUAI contrastive2 77.3% 66.6% 20.1% 20.1% 21.1%

NUS-IDS primary 85.2% 75.2% 9.3% 4.7% 4.8%
NUS-IDS contrastive1 58.6% 25.3% 8.0% 38.6% 0.5%
NUS-IDS contrastive2 52.6% 1.4% 2.8% 0.6% 2.7%

SDNLP primary – – 36.3% –

UM primary 82.3% – 57.5% 47.9%

Baseline 20.3% 27.1% 3.1% 4.8% 1.3%

Table 17: ADI2 on MADAR monolingual prompts

submission mar egy pse syr sau

Aladdin-FTI primary 38.8% 10.3% 4.6% 29.2% 1.9%
Aladdin-FTI contrastive1 36.9% 11.3% 3.7% 32.0% 1.7%

BYU primary – 1.4% – –

MBZUAI primary 64.2% 33.9% 4.4% 14.3% 4.9%
MBZUAI contrastive1 52.3% 25.0% 0.9% 16.5% 2.8%
MBZUAI contrastive2 53.6% 30.1% 3.1% 20.3% 8.0%

NUS-IDS primary 71.8% 59.4% 6.6% 6.9% 3.9%
NUS-IDS contrastive1 78.2% 83.1% 15.0% 36.9% 15.0%
NUS-IDS contrastive2 24.5% 0.4% 0.1% 0.2% 0.2%

SDNLP primary – – 25.5% –

UM primary 47.5% – 31.1% 37.7%

Baseline 7.9% 1.6% 0.1% 0.1% 0.1%

Table 18: ADI2 on FLORES ENG→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 21.1% 8.0% 3.3% 20.1% 1.2%
Aladdin-FTI contrastive1 17.9% 10.2% 3.1% 22.8% 0.6%

BYU primary – 1.0% – –

MBZUAI primary 38.2% 25.2% 0.3% 14.7% 4.3%
MBZUAI contrastive1 34.2% 21.6% 0.6% 14.5% 3.0%
MBZUAI contrastive2 38.5% 21.1% 0.1% 15.4% 6.2%

NUS-IDS primary 86.1% 75.0% 10.6% 12.1% 8.2%
NUS-IDS contrastive1 83.0% 79.3% 13.3% 34.9% 20.5%
NUS-IDS contrastive2 20.4% 0.2% 0.1% 0.1% 0.2%

SDNLP primary – – 10.5% –

UM primary 31.5% – 29.1% 37.6%

Baseline 18.3% 16.6% 1.2% 0.5% 1.0%

Table 19: ADI2 on FLORES MSA→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 66.7% 33.3% 12.0% 41.9% 16.7%
Aladdin-FTI contrastive1 65.7% 30.6% 9.5% 46.3% 12.2%

BYU primary – 5.6% – –

MBZUAI primary 63.6% 48.0% 10.6% 22.9% 17.7%
MBZUAI contrastive1 60.0% 47.2% 6.8% 21.4% 15.6%
MBZUAI contrastive2 69.3% 49.2% 6.7% 25.1% 24.6%

NUS-IDS primary 58.9% 51.9% 3.5% 9.3% 7.5%
NUS-IDS contrastive1 89.8% 77.4% 17.3% 38.8% 29.1%
NUS-IDS contrastive2 46.8% 1.3% 0.2% 1.2% 0.8%

SDNLP primary – – 37.8% –

UM primary 66.0% – 38.0% 55.7%

Baseline 10.2% 7.9% 1.0% 1.1% 0.6%

Table 20: ADI2 on MADAR ENG→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 61.0% 33.0% 12.2% 39.0% 10.5%
Aladdin-FTI contrastive1 65.4% 37.8% 10.5% 39.9% 6.6%

BYU primary – 3.1% – –

MBZUAI primary 57.2% 45.1% 4.2% 20.8% 16.9%
MBZUAI contrastive1 51.2% 46.3% 5.6% 19.5% 16.2%
MBZUAI contrastive2 50.6% 48.0% 1.2% 22.2% 21.6%

NUS-IDS primary 70.0% 51.1% 32.0% 29.2% 15.3%
NUS-IDS contrastive1 88.6% 82.7% 17.2% 27.5% 29.5%
NUS-IDS contrastive2 38.8% 0.6% 0.3% 0.8% 0.2%

SDNLP primary – – 22.3% –

UM primary 63.3% – 36.0% 53.4%

Baseline 13.7% 19.6% 2.2% 1.0% 2.6%

Table 21: ADI2 on MADAR MSA→DA MT outputs

submission mar egy pse syr sau

Aladdin-FTI primary 4.4% 0.5% 1.3% 6.7% 0.7%
Aladdin-FTI contrastive1 3.0% 0.5% 1.1% 5.6% 0.6%

BYU primary – 5.0% – –

MBZUAI primary 45.2% 35.8% 6.8% 21.3% 8.3%
MBZUAI contrastive1 46.7% 33.1% 4.5% 18.2% 4.7%
MBZUAI contrastive2 44.9% 34.7% 5.1% 28.4% 13.4%

NUS-IDS primary 23.8% 56.3% 8.5% 9.2% 11.3%
NUS-IDS contrastive1 87.6% 77.0% 16.5% 51.4% 15.6%
NUS-IDS contrastive2 23.5% 0.4% 0.3% 0.8% 0.5%

SDNLP primary – – 31.0% –

UM primary 44.8% – 23.2% 44.5%

Baseline 2.9% 1.4% 0.5% 0.8% 0.8%

Table 22: ADI2 on Arena-Hard prompts
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submission mar egy pse syr sau

Aladdin-FTI primary 31.7 35.1 37.3 24.0 35.7
Aladdin-FTI contrastive1 31.4 34.4 36.3 21.4 35.6

BYU primary – 17.7 – –

MBZUAI primary 20.7 31.9 36.4 30.3 31.8
MBZUAI contrastive1 25.7 33.5 33.7 30.2 33.8
MBZUAI contrastive2 25.0 29.1 29.0 24.1 29.4

NUS-IDS primary 11.5 15.7 16.1 15.4 16.3
NUS-IDS contrastive1 23.7 18.1 19.2 17.7 19.2
NUS-IDS contrastive2 28.3 25.9 31.5 21.8 35.8

SDNLP primary – – 13.7 –

UM primary 29.1 – 36.4 21.1

Baseline 25.8 32.9 35.1 34.4 37.1

Table 23: chrF++ on FLORES ENG→DA

submission mar egy pse syr sau

Aladdin-FTI primary 25.1 29.2 30.6 25.1 46.0
Aladdin-FTI contrastive1 23.9 28.3 30.0 21.1 32.4

BYU primary – 22.7 – –

MBZUAI primary 35.3 39.9 43.0 38.6 58.5
MBZUAI contrastive1 35.5 45.3 42.0 37.6 60.3
MBZUAI contrastive2 32.9 36.5 46.0 37.8 43.1

NUS-IDS primary 14.4 23.2 22.2 22.1 25.9
NUS-IDS contrastive1 22.5 19.3 20.0 21.3 22.9
NUS-IDS contrastive2 33.9 14.4 35.4 16.3 67.3

SDNLP primary – – 16.6 –

UM primary 35.0 – 43.6 27.1

Baseline 33.4 46.9 44.0 43.7 69.9

Table 24: chrF++ on FLORES MSA→DA

submission mar egy pse syr sau

Aladdin-FTI primary 43.1 49.4 52.2 40.6 52.4
Aladdin-FTI contrastive1 42.5 49.2 53.0 40.8 53.0

BYU primary – 15.0 – –

MBZUAI primary 40.7 45.1 48.4 53.6 56.9
MBZUAI contrastive1 48.3 51.6 57.3 52.1 55.7
MBZUAI contrastive2 41.0 41.0 47.2 46.8 49.7

NUS-IDS primary 25.1 26.1 27.9 25.9 26.5
NUS-IDS contrastive1 45.8 26.4 28.5 28.6 27.9
NUS-IDS contrastive2 34.8 6.3 48.8 9.8 55.5

SDNLP primary – – 34.7 –

UM primary 46.7 – 52.4 0.0

Baseline 47.0 52.7 57.2 53.3 58.8

Table 25: chrF++ on FLORES DA→ENG

submission mar egy pse syr sau

Aladdin-FTI primary 25.5 28.9 30.9 25.8 44.1
Aladdin-FTI contrastive1 25.2 27.4 30.7 22.0 33.9

BYU primary – 22.6 – –

MBZUAI primary 39.1 45.0 44.1 41.8 72.2
MBZUAI contrastive1 44.1 53.1 45.0 45.4 73.0
MBZUAI contrastive2 36.9 39.3 43.7 37.4 55.9

NUS-IDS primary 18.7 26.4 23.8 22.5 32.7
NUS-IDS contrastive1 35.1 25.4 23.9 26.8 56.7
NUS-IDS contrastive2 38.6 16.2 41.0 17.9 67.2

SDNLP primary – – 7.5 –

UM primary 42.6 – 49.7 43.8

Baseline 42.2 52.6 49.0 46.1 79.1

Table 26: chrF++ on FLORES DA→MSA

submission mar egy pse syr sau

Aladdin-FTI primary 34.5 31.0 38.3 17.7 38.2
Aladdin-FTI contrastive1 34.0 28.7 35.9 15.7 38.4

BYU primary – 6.6 – –

MBZUAI primary 29.2 39.5 38.4 33.2 42.9
MBZUAI contrastive1 30.7 37.0 35.0 33.3 45.4
MBZUAI contrastive2 28.5 38.5 36.0 31.3 44.5

NUS-IDS primary 4.6 5.5 5.8 6.0 7.4
NUS-IDS contrastive1 5.6 11.5 9.6 8.3 10.4
NUS-IDS contrastive2 15.2 9.7 8.2 15.4 23.3

SDNLP primary – – 18.2 –

UM primary 32.6 – 28.9 16.7

Baseline 17.6 20.9 22.5 21.5 29.7

Table 27: chrF++ on MADAR ENG→DA

submission mar egy pse syr sau

Aladdin-FTI primary 31.4 26.9 33.3 16.1 32.2
Aladdin-FTI contrastive1 28.9 24.5 32.9 13.5 30.7

BYU primary – 7.6 – –

MBZUAI primary 33.6 38.1 31.0 33.5 42.8
MBZUAI contrastive1 34.6 37.9 32.9 33.5 43.7
MBZUAI contrastive2 33.9 35.8 29.0 35.5 41.6

NUS-IDS primary 7.9 9.1 7.8 8.8 10.3
NUS-IDS contrastive1 5.3 11.2 8.8 8.0 9.1
NUS-IDS contrastive2 26.7 7.6 16.7 4.4 29.8

SDNLP primary – – 13.8 –

UM primary 30.0 – 30.8 17.2

Baseline 22.1 25.4 27.2 25.6 29.6

Table 28: chrF++ on MADAR MSA→DA

submission mar egy pse syr sau

Aladdin-FTI primary 56.3 51.4 55.5 36.9 58.9
Aladdin-FTI contrastive1 55.3 50.7 55.1 36.4 59.0

BYU primary – 4.3 – –

MBZUAI primary 58.1 55.9 56.6 55.7 63.0
MBZUAI contrastive1 59.6 59.1 60.0 54.4 64.8
MBZUAI contrastive2 56.2 50.8 59.1 52.8 60.1

NUS-IDS primary 11.1 9.7 10.2 9.6 11.1
NUS-IDS contrastive1 7.8 14.0 13.9 12.1 15.9
NUS-IDS contrastive2 31.1 6.0 41.6 8.4 49.6

SDNLP primary – – 40.6 –

UM primary 59.4 – 50.2 0.0

Baseline 42.0 39.8 37.2 37.1 48.5

Table 29: chrF++ on MADAR DA→ENG

submission mar egy pse syr sau

Aladdin-FTI primary 34.0 30.9 31.9 20.4 34.7
Aladdin-FTI contrastive1 33.6 30.3 30.7 18.7 35.0

BYU primary – 7.9 – –

MBZUAI primary 39.7 40.1 33.3 35.1 42.7
MBZUAI contrastive1 43.7 42.5 35.8 40.8 44.2
MBZUAI contrastive2 40.8 38.1 35.3 25.5 44.1

NUS-IDS primary 5.8 6.3 5.7 5.4 6.7
NUS-IDS contrastive1 6.4 11.1 10.5 11.4 11.4
NUS-IDS contrastive2 23.9 4.8 14.3 5.2 29.5

SDNLP primary – – 4.4 –

UM primary 31.7 – 26.2 22.6

Baseline 30.2 30.6 29.3 29.2 34.0

Table 30: chrF++ on MADAR DA→MSA
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