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Abstract
In this paper, we describe models developed
by our team, NUS-IDS, for the Closed Data
track at the Arabic Modeling In Your Accent
(AMIYA) shared task at VarDial 2026. The
core idea behind our solution involves data aug-
mentation enabled by a dialect classifier trained
on AMIYA data. We effectively combine var-
ious translation, summarization, and question
answering prompts with the training data to
form dialectal prompts for use with state-of-
the-art Large Language Models (LLMs). Next,
dialect predictions on outputs from these LLMs
are used to compile preference data for Rein-
forcement Learning (RL). We report model per-
formance on dialectal Arabic from Egypt, Mo-
rocco, Palestine, Saudi Arabia, and Syria using
FLORES+, a benchmark dataset for multilin-
gual machine translation. Our experiments il-
lustrate that though our RL models show signif-
icant performance gains on dialectness scores,
they underperform on translation metrics com-
pared to base LLMs.

1 Introduction

Recent AI innovation in form of Large language
models (LLMs) has shown revolutionary poten-
tial for solving various data processing and lan-
guage understanding tasks. Indeed, state-of-the-art
(SOTA) proprietary LLMs from OpenAI, Google,
etc. demonstrate competitive performance on var-
ious linguistic tasks including translation, sum-
marization, question answering, and sentiment
analysis even in zero-shot settings using simple
prompts (Vatsal and Dubey, 2024). However, on-
going multilingual research studies note that SOTA
LLMs are not uniformly proficient in all languages
and their error rates are often significantly higher
when handling instructions in non-Latin scripts
such as Arabic, Russian, and Hindi (Hasan et al.,
2024; He et al., 2024). Similarly, there is room
for improvement in current LLM capabilities for
handling “dialects” or variants of a language that

are characteristic of a particular group of the lan-
guage’s speakers as shown in lower NLP task per-
formances when dialects are involved (Joshi et al.,
2025).

The lower performance of SOTA LLMs for non-
English languages, and dialect variants has often
been attributed to the absence of large-scale re-
sources for these language variants available for
LLM pretraining (Inoue et al., 2021). Indeed, for
languages such as Arabic, though numerous region-
specific dialects are used in spoken and informal
communications (such as tweets and blogs), most
available corpora are based on formal settings (such
as news and education) for which Modern Standard
Arabic (MSA) is employed. Possibly as a result
of this disparity between the scale of MSA and
Dialectal Arabic (DA) corpora available for LLM
pretraining, a recent study noted that SOTA LLMs
do not naturally respond in dialectal Arabic and
instead employ MSA even when the prompts used
are in DA (Robinson et al., 2025). Motivated by
these observations on LLMs for Dialectal Arabic
and to encourage research on handling the same,
the Workshop on NLP for Similar Languages, Va-
rieties and Dialects (VarDial) 2026 included the
Arabic Modeling In Your Accent (AMIYA) Shared
Task (Robinson et al., 2026).

Task Description and Datasets: We (the
NUS-IDS team) participated in the AMIYA Shared
Task, which requires participants to contribute
LLMs trained or adapted for Dialectal Arabic.
Specifically, in the Closed Data track, task partici-
pants are required to only use the provided training
data to fine-tune open-source LLMs such as those
from the Llama1 and Qwen families.2

The training data released for this competi-
tion includes sentences in Dialectal Arabic from
five countries: Egypt, Morocco, Palestine, Saudi

1https://huggingface.co/meta-llama
2https://huggingface.co/Qwen
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Arabic and Syria (Egy/Mar/Pse/Sau/Syr) and in-
cludes sentences from parallel corpora (same
sentences written in multiple dialects) such as
MADAR (Bouamor et al., 2018). In addition,
the development split from the FLORES+ bench-
mark (Perez-Ortiz et al., 2024) was made available
for model tuning with final evaluation centered
around a different set of dialectal prompts from the
benchmark.

The metrics proposed by task organizers
for evaluation include the ADI2 dialect fi-
delity score (Robinson et al., 2025), ChrF++
scores (Popović, 2017) used in machine transla-
tion (MT) as well as human evaluation of flu-
ency and adherence to DA instructions. Note
that the translation score ChrF++ involves the
computation of character n-gram overlap with
ground-truth (available for MT data) whereas ADI2
combines dialectness (MSA is considered non-
dialectal) with whether the output was in the spe-
cific regional dialect (requested in the prompt) to
assign a “reference-free” dialect fidelity score. For
the experiments in this paper, we directly employ
the implementations provided by the task organiz-
ers in AL-QASIDA3 for computing the above met-
rics. We refer the reader to the Task Overview
Paper for details on the datasets and metrics used
for this task (Robinson et al., 2026).

2 Data Augmentation

Building on the observations from earlier stud-
ies (Robinson et al., 2025) and our own investiga-
tions with smaller open-source LLMs, we note the
tendency of LLMs to respond in Modern Standard
Arabic (MSA) instead of Dialectal Arabic (DA).
We posit that this limitation may be addressed by
incentivizing the LLM to respond in DA when the
instruction/prompt calls for it. For example, when
the prompt is in DA (without an explicit dialect
mentioned) or prompts requesting the LLM out-
put to be in a specific dialect. That is, a pairwise
preference dataset that can be used to train a given
LLM with Reinforcement Learning (RL) to prefer
a DA response over an MSA one is required for
suitably aligning the LLM. Indeed, this notion of
fine-tuning LLMs using preference data compiled
from human feedback through reinforcement learn-
ing (RLHF) is a widely-used technique for aligning
LLM behavior with user intent in various scenar-
ios (Ouyang et al., 2022; Lee et al., 2024). How

3https://github.com/JHU-CLSP/al-qasida

can we build preference pairs data for RL using
the given AMIYA datasets? We employ the data
augmentation pipeline illustrated in Figure 1 for
this precise purpose.

Figure 1: Data Augmentation Pipeline

First, the training data from AMIYA was used
to learn dialect classification and translation mod-
els by instruction tuning open-source LLMs from
Meta4 and Qwen.5 We employed these open-
source LLMs and proprietary models (GPT-4o6 and
Gemini-2.5-Flash7) for creating preference pairs as
follows:

1. The summarization, paraphrasing, and story
writing prompts from the AL-QASIDA
dataset were combined with the sentences
from the AMIYA training data sampled after
applying thresholds on dialectness scores (Ke-
leg et al., 2023) and number of words.8

2. The (prompt, input) pairs compiled in the
above step were used with our selection of
LLMs to obtain multiple output responses for
the same pair.

3. The dialect classifier is used to label the di-
alects of LLM responses from the second step.
If the label does not match the desired dialect,
we employ the translation model to convert the
response to the desired dialect and re-check

4https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

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

6https://platform.openai.com/docs/models/
gpt-4o

7https://docs.cloud.google.com/vertex-ai/
generative-ai/docs/models/gemini/2-5-flash

8For example, short sentences (with fewer words) can be
used to complete a story whereas long texts comprise inputs
to summarization prompts.

https://github.com/JHU-CLSP/al-qasida
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
https://platform.openai.com/docs/models/gpt-4o
https://platform.openai.com/docs/models/gpt-4o
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash
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using our classifier. In this fashion, we ob-
tain “positive” and “negative” responses for
the same LLM input.

4. Finally, positive and negative responses
obtained above are used to form pref-
erence pairs for RL. That is, if di is
the desired dialect, and R refers to an
LLM response, (prompt, input,Rdi) ≻
(prompt, input,Rdj ) where j ̸= i.

3 Experiments and Results

Datasets and Setup: Our dialect classifier was
trained on ∼ 300K sentences obtained by randomly
sampling around ∼ 50K sentences for each dialect
from the training data in AMIYA. For training our
dialect translation model, we used ∼ 697K sen-
tences compiled from the parallel data provided in
the training data and employing the NLLB transla-
tion model (Costa-jussa et al., 2024) when parallel
translations were unavailable.9 In particular, we
used NLLB for translating from MSA to English
or vice-versa when only the MSA-DA pair or the
English-DA pair was included for a given sentence
in the training data from AMIYA.

For compiling preference pairs, we used about
24 prompts available for each dialect in AL-
QASIDA10 and randomly sampled about 1000 sen-
tences with dialectness scores (Keleg et al., 2023)
above 0.36 in the training data, for each dialect.
Additionally, we employed translation prompts for
MSA to DA using random samples of sentences
provided in the training data. Overall our data
augmentation pipeline resulted in a set of approxi-
mately 9.6K preference pairs for use with RL. The
datasets compiled by us for the AMIYA compe-
tition along with descriptions of the process are
shared to enable further research on the topic.11

We used the LoRA (low-rank adaptation) train-
ing scripts provided in LlamaFactory (Hu et al.,
2022; Yao et al., 2024) for all our supervised fine-
tuning and RL experiments. The number of epochs
were set to three and default values provided in
the training scripts in LlamaFactory were used for
other parameters. For the rest of this paper, we
refer to the base models, Llama-3.1-8B-Instruct4

9https://huggingface.co/facebook/nllb-200-3.
3B

10https://github.com/JHU-CLSP/al-qasida/blob/
main/data_processing/prompt_templates/json/dial8.
json

11https://github.com/mouad157/Amiya26

and Qwen-2.5-7B-Instruct,5 as llama and qwen,
respectively. The base models fine-tuned with trans-
lation data are referenced as llama-T and qwen-T,
respectively. We tested RL using the base mod-
els as well as our fine-tuned translation models as
starting points. Models after Reinforcement Learn-
ing using the direct preference optimization algo-
rithm (Rafailov et al., 2023) are indicated using the
+RL suffix. All our experiments were performed
on an NVIDIA A6000 server with 2 GPUs each
having 48GB RAM .

Classification Performance: We show the F1
scores on a sample held-out test dataset from
AMIYA that contains about 200 sentences for each
dialect Egy/Mar/Pse/Sau/Syr as well as MSA in
Figure 3. Our dialect classifier which is a Llama
3.1-8B-Instruct model fine-tuned (FT-Llama) on
the considerably large sentence-level training data
from AMIYA yields high F1 scores with the per-
formance on the Saudi Arabian dialect being the
lowest at 0.83 F1 and the Palestinian dialect be-
ing the highest at 0.94 F1. Our fine-tuned dialect
classifier is able to accurately discriminate among
the five dialects and MSA, and shows remarkable
performance gains compared to the zero-shot set-
ting with the base Llama model (FT-Llama versus
Llama/zero in Figure 3).

We tested the NADI baseline12 employed in pre-
vious works for dialect prediction (Abdul-Mageed
et al., 2024; Robinson et al., 2025). Our FT-Llama
predictor is instruction fine-tuned using a multiple-
choice QA-style instruction “Which of the fol-
lowing dialects (a) Egyptian (b) Palestianian...is
most applicable...”. We specifically trained our
model for the five dialects and MSA targeted in the
AMIYA competition using the dataset shared by
them. In contrast, the NADI baseline comprises
a fine-tuned MARBERT model (Abdul-Mageed
et al., 2021) for discriminating up to 18 dialects of
Arabic (and does not include MSA). As such, on
our evaluation dataset, the F1 scores with NADI
were 0.68, 0.80, 0.59, 0.79, 0.83 for Egyptian, Mo-
roccan, Palestinian, Saudi, Syrian dialects, respec-
tively and are significantly lower than those ob-
tained with our FT-Llama model on these dialects.

Translation Performance: We evaluated our
models on the FLORES+ dataset (Perez-Ortiz
et al., 2024), using the dev portion included in

12https://huggingface.co/AMR-KELEG/
NADI2024-baseline

https://huggingface.co/facebook/nllb-200-3.3B
https://huggingface.co/facebook/nllb-200-3.3B
https://github.com/JHU-CLSP/al-qasida/blob/main/data_processing/prompt_templates/json/dial8.json
https://github.com/JHU-CLSP/al-qasida/blob/main/data_processing/prompt_templates/json/dial8.json
https://github.com/JHU-CLSP/al-qasida/blob/main/data_processing/prompt_templates/json/dial8.json
https://github.com/mouad157/Amiya26
https://huggingface.co/AMR-KELEG/NADI2024-baseline
https://huggingface.co/AMR-KELEG/NADI2024-baseline
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Figure 2: ADI2 Macro Scores for Eng-DA and MSA-DA in FLORES/dev
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Figure 3: Dialect Classification Performance

AL-QASIDA and provided in the competition. The
ADI2 macro scores for the different dialects are
highlighted in Figure 2. As observed in previous
studies, the dialectness scores with the base models
(llama and qwen) are very low highlighting the ten-
dency of these LLMs to “avoid” dialectal Arabic in
their responses. Fine-tuning the base models with
translation data yields considerable improvements
for most dialects in qwen-T but not in llama-T.
To test if this difference is a result of error-prone
augmented data from NLLB model9 used for train-
ing the translation variants of the base models, we
tested the models using only the “clean” translation
data for which ground truth was available without
employing NLLB for augmentation.

The dialectness macro scores for the different
MT directions (FLORES data) are shown for the
Qwen and Llama base models as well those trained
with augmented (‘-Aug’) and non-augmented trans-
lation data (‘-Clean’) in Figure 7. As can be seen
in this figure, for Qwen models, fine-tuning with

translation data improves performance on most di-
alects, with NLLB augmented data producing sig-
nificant increases in dialectness scores. However,
fine-tuning with translation data did not improve
performance when the base model is from Llama.
We hope to investigate these contradictory results
in Llama versus Qwen in our on-going research
beyond this paper. For the present, we speculate if
this lack of improvement in Llama is possibly due
to having seen the data during model pretraining
and potential overlap with NLLB datasets (since
NLLB is also a model released by Facebook/Meta).

In Figure 2, we note from the Eng-DA and
MSA-DA plots that ADI2 macro scores signif-
icantly improve with RL. However, the overall
dialectness scores are lowest for the Saudi Ara-
bian dialect. The character n-gram overlap scores
(ChrF++) (Popović, 2017) used in MT evaluation
are shown for MT directions Eng-DA, MSA-DA,
DA-Eng, DA-MSA in Figures 4 and 5, respectively.
In these plots we note that the MT performance
notably degrades for all dialects after RL. This re-
duction in scores reveals a core weakness in our
data augmentation pipeline–focusing on using “di-
alect” accuracy to form preference pairs for RL is
inadequate. With dialect correctness alone as an in-
centive, the models seem to veer off their objective
to optimize the quality of the generated response.
We confirmed this possibility by manually analyz-
ing a small sample of model outputs for each MT
direction.

In Figure 6, we show sample generated re-
sponses from our qwen-T+RL and llama+RL
models alongside the ground-truth references.
While the translations are reasonably good in some
cases (Set 2), our models seem to make errors when
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Figure 4: ChrF++ scores for Eng-DA and MSA-DA in FLORES/dev. llama refers to the base model from llama4,
whereas llama-T and qwen-T are the models fine-tuned with translation data and ‘+RL’ indicates models after
reinforcement learning with dialect preference pairs.
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Figure 5: ChrF++ scores for DA-Eng and DA-MSA in FLORES/dev.

Figure 6: Example generated responses from RL-based models. Except the third (egy-eng) example that was
generated by the llama+RL model, the rest are the outputs from our qwen-T+RL model
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Figure 7: Dialectness Macro scores on FLORES/dev are shown for our translation models.

Model SpBLEU chrF++ AvgALDi
llama 15.48 32.09 0.1659
qwen 10.12 33.35 0.1429
llama-T 16.67 32.88 0.1663
qwen-T 16.71 30.22 0.2441
⋆qwen3-T 12.43 26.52 0.2194
⋆llama+RL 7.74 23.03 0.6949
qwen+RL 7.75 26.54 0.4192
llama-T+RL 8.07 24.93 0.6491
⋆qwen-T+RL 10.30 23.89 0.5780

Table 1: Validation Performance across all models

the translation inputs involve numeric information
such as times and numbers and proper names. For
several cases, (in models with and without RL),
characters are indefinitely repeated resulting in
garbage responses (‘msa-sau’ example in Set 1).
RL models seem to have a propensity to choose
dialectal responses. This aspect was noticed while
testing DA-Eng translation data where several LLM
outputs are in dialects that can be written using the
Latin script (‘egy-eng’ example in Set 1) instead of
in English as required in the prompt.

We note from Figures 4 and 5 that the transla-
tion scores on the Saudi dialect for base models
for MT directions (MSA-DA and DA-MSA) are
unusually higher than for the rest of the dialects.
This peculiarity coupled with the lower classifica-
tion performance in Figure 3 as well as the low
dialectness scores in Figure 2 for this dialect is in-
dicative of the proximity between the Saudi dialect
and MSA compared to the other dialects consid-
ered in this evaluation (Alsudais et al., 2022) and
also seems to be an artifact of the FLORES dataset
which mostly contains MSA for Saudi portion of

the dataset (Perez-Ortiz et al., 2024).
Model selection for the competition: For select-

ing the top-3 models for consideration in the final
evaluation of the shared task, we set aside about 50
examples for each dialect from our data augmen-
tation pipeline for validation, by treating the GPT-
generated response in the desired dialect (as iden-
tified by our classifier) as “gold/correct” response.
All model variations were tested on this subset and
the models indicated with an asterisk (⋆) in Ta-
ble 1 were chosen for final evaluation. llama+RL
outputs correspond to our primary run in AMIYA
whereas ‘qwen-T+RL’ and ‘qwen3-T’ outputs cor-
respond to the contrastive1 and contrastive2 runs,
respectively.13

Our test/competition performance (Robinson
et al., 2026), provided by the task organizers, is
shown in Table 2. In this table, we included the
best scores among our different models for each
metric and the overall best scores from the com-
petition. The primary and contrastive runs are in-
dicated using ‘p’ and ‘c’, respectively. Mirroring
our own evaluation on the FLORES dataset, our
primary model obtains a significantly high score
on the ADI2 metric but the translation scores are
significantly lower than the best scores in the com-
petition.

4 Conclusions

We participated in the Dialectal Arabic model-
ing shared task (AMIYA@VarDial 2026) in the
Closed Data track. To handle current LLM models’
tendency to respond in Modern Standard Arabic

13The ‘qwen3-T’ model is similar to qwen-T but uses
the base model from https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507.

https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
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Team Overall ADI2 DA-ENG ENG-DA DA-MSA MSA-DA
NUS-IDS 0.629 (p) 21.338 (c1) 15.764 (c1) 19.738 (c1) 17.280 (p)
MBZUAI 0.452 (c2) 53.436 (c1) 34.314 (c1) 50.639 (c1) 43.728 (c1)

Table 2: Our best performing scores are compared with the overall best scores (in bold font) from the competition.
Columns 3-6 show ChrF++ scores for the MT directions indicated in the header

rather than dialectal variants despite prompting,
we adopted a Reinforcement Learning based solu-
tion. Our main contribution to enable RL pertains
to the development of a novel data augmentation
pipeline that uses the training data from the com-
petition to learn a dialect classifier and a translator
and combine it with LLM outputs from various
state-of-the-art proprietary and open-source LLMs.
Our experiments showcase significant performance
improvements in dialectness-related metrics with
RL-tuned LLMs but at the cost of a degradation
in MT performance. We hope to investigate this
contradictory behavior in future work.
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