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Abstract

Dialectal Arabic continues to represent a persis-
tent challenge for contemporary large language
models, which are predominantly trained and
optimized for Modern Standard Arabic (MSA)
and therefore exhibit limited capability when
processing colloquial varieties. In this study, a
dedicated system developed for participation in
the AMIYA shared task focusing on Syrian Ara-
bic is presented. The proposed solution is based
on the integration of parameter-efficient fine-
tuning through Low-Rank Adaptation (LoRA)
with prompt-guided inference, aiming to en-
hance dialectal adequacy and linguistic natu-
ralness. Rather than emphasizing strict factual
precision, the system is deliberately designed
to prioritize fluent and authentic Syrian Ara-
bic generation, in accordance with the evalu-
ation principles adopted by the AL-QASIDA
benchmark. This design choice reflects a focus
on human-perceived language quality and di-
alectal fidelity, which are central to effective
dialect-aware language modeling.

1 Introduction

Dialectal Arabic constitutes the dominant form of
daily communication throughout the Arab world;
however, it remains largely underexplored within
natural language processing research, which has
traditionally focused on MSA. As a result, most
pretrained large language models exhibit strong per-
formance in formal registers while demonstrating
limited capability in generating fluent and natural
dialectal language, a shortcoming that is particu-
larly pronounced for Syrian Arabic due to its highly
conversational nature and substantial divergence
from standardized written forms. This work is con-
ducted within the context of the AMIYA shared
task on Syrian Arabic dialect modeling (Robinson
et al., 2026).

To address these challenges, the proposed sys-
tem is guided by a set of explicit design choices

tailored to dialect modeling under shared-task con-
straints. Specifically, we adopt: (i) parameter-
efficient fine-tuning via Low-Rank Adaptation
(LoRA) to enable dialect specialization without
modifying the full model parameters; (ii) prompt-
level constraints that explicitly encourage Syrian
Arabic realization while discouraging Modern Stan-
dard Arabic structures; and (iii) a qualitative evalu-
ation strategy aligned with the AL-QASIDA bench-
mark (Robinson et al., 2025), prioritizing dialectal
fluency and naturalness over strict literal fidelity.
Together, these choices frame the task as one of
dialect modeling rather than factual question an-
swering, and directly inform the methodological
decisions described in the following sections.

From a linguistic perspective, the challenge of
dialectal Arabic modeling is further amplified by
the phenomenon of diglossia, where speakers nat-
urally alternate between MSA and colloquial vari-
eties depending on context. This linguistic dynamic
often leads pretrained models to default to MSA
even when prompted for dialectal output, resulting
in responses that sound unnatural to native speak-
ers. Addressing this mismatch requires not only
suitable training data but also modeling strategies
that explicitly encourage colloquial realization and
discourage formal constructions. These consider-
ations motivate the design choices adopted in the
present system.

2 Task Framing

The AMIYA shared task is approached in this work
as a dialect modeling problem rather than a con-
ventional question answering or fact retrieval task.
The primary objective is to generate responses that
resemble naturally spoken Syrian Arabic as used in
everyday interaction, where fluency and dialectal
authenticity are prioritized over strict literal faith-
fulness to the input prompt.

Importantly, deprioritizing strict semantic cor-
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rectness does not imply unconstrained or nonsensi-
cal generation. The system remains grounded in the
semantic intent of the input prompt, which serves
as an anchor for generation. Rather than enforcing
exact word-by-word or structure-preserving fidelity,
the model is allowed to paraphrase, generalize, or
abstract the input content when doing so results in
more natural colloquial expression. In practice, this
means that semantic adequacy is preserved, while
rigid literal alignment is relaxed.

Nonsensical or hallucinated outputs are miti-
gated through a combination of instruction-style
fine-tuning and constrained inference. During train-
ing, the model is exposed to realistic conversational
data grounded in coherent dialogue contexts, which
implicitly reinforces semantic plausibility. At in-
ference time, prompts explicitly specify both the
target dialect (Syrian Arabic) and the expected re-
sponse format, anchoring generation to the input
intent while allowing stylistic flexibility. This com-
bination prevents unconstrained generation while
still enabling dialectally natural reformulation.

This task formulation aligns with the evalua-
tion principles of the AL-QASIDA benchmark,
which penalizes outputs that drift toward Modern
Standard Arabic or overly formal registers, even
when they are semantically precise. Consequently,
the methodological focus shifts toward control-
ling stylistic realization rather than enforcing ex-
act semantic reproduction. This trade-off reflects
real-world conversational usage, where commu-
nicative plausibility and dialectal naturalness often
outweigh strict literal accuracy.

3 Data

3.1 Data Source

The training data used in this work consists of pro-
fessionally produced dubbed television dialogues
provided by the professional dubbing company
NIS. The dataset is external to the official AMIYA
shared task release and is therefore used under the
Open Track regulations. No data provided by the
task organizers or other publicly released shared-
task datasets (e.g., UFAL or related corpora) were
used in this work.

The original scripts are primarily in English
and were translated into Modern Standard Arabic
(MSA) and subsequently localized into Syrian Ara-
bic by professional translators as part of the dub-
bing production workflow. Crucially, the Syrian
Arabic content reflects natural spoken usage rather

than literal translation, as it is adapted for oral de-
livery in audiovisual media. This makes the data
particularly suitable for dialect modeling tasks that
emphasize conversational naturalness over formal
written structure.

This localization process yields conversational,
informal utterances that closely resemble every-
day spoken Syrian Arabic. As the data is gener-
ated by professional dubbing practitioners, it ex-
hibits consistent stylistic patterns and strong di-
alectal authenticity, distinguishing it from automat-
ically generated or crowdsourced resources. In
addition, the dialogue-oriented nature of the data
supports parameter-efficient adaptation methods
such as Low-Rank Adaptation (LoRA) (Hu et al.,
2022), which benefit from stylistically coherent
training signals.

3.2 Dataset Size and Structure

The dataset comprises approximately 30,000 dia-
logue utterances. Each instance corresponds to a
single conversational turn and is represented in a
structured tabular format with the following fields:

• character: the speaker identifier associated
with the dialogue turn,

• gender: the speaker’s gender (male or fe-
male),

• english: the original English script,

• arabic_msa: the corresponding Modern Stan-
dard Arabic version,

• arabic_syrian: the target Syrian Arabic utter-
ance.

The average utterance length is approximately
9.6 words in Syrian Arabic, 8.8 words in MSA,
and 9.9 words in English, reflecting the dialogue-
oriented and concise nature of the data. No addi-
tional datasets or auxiliary corpora were incorpo-
rated during training.

3.3 Suitability for Dialect Modeling

The dataset is inherently dialogue-driven and pre-
dominantly informal, reflecting everyday conver-
sational scenarios rather than scripted narration or
formal text. This characteristic aligns closely with
the objectives of the AMIYA shared task, which pri-
oritizes dialectal fidelity, fluency, and naturalness
over strict semantic equivalence.
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Moreover, the presence of parallel English and
MSA representations implicitly exposes the model
to distinctions between formal and colloquial reg-
isters. This property is particularly valuable in the
context of Arabic diglossia, where pretrained lan-
guage models often default to MSA even when
prompted for dialectal output. By grounding adap-
tation in professionally localized dialectal utter-
ances, the model is encouraged to internalize collo-
quial realization patterns that are difficult to capture
using automatically generated resources.

3.4 Legal and Ethical Considerations

The data was used with explicit permission for re-
search purposes under an agreement with the data
provider and fully complies with the regulations
of the AMIYA Open Track. No restricted, confi-
dential, or off-limits resources were incorporated
in the development of the proposed system, and no
personal or sensitive user information is contained
within the dataset.

4 System Overview

The proposed system follows a modular adaptation-
based architecture designed specifically for dialect
modeling under shared-task constraints. It is built
upon a pretrained large language model, which is
extended through the integration of a lightweight
Low-Rank Adaptation (LoRA) module and a con-
trolled prompt-guided inference strategy. In this
configuration, all original parameters of the base
model remain frozen, while a small set of addi-
tional trainable parameters is optimized to steer the
model toward Syrian Arabic generation.

Dialectal specialization is achieved through two
complementary mechanisms. First, LoRA-based
parameter-efficient fine-tuning allows the model to
internalize stylistic and lexical patterns character-
istic of Syrian Arabic without altering its general
linguistic competence. Second, prompt-guided in-
ference is employed at generation time to explicitly
control output structure and register, encouraging
concise, single-sentence responses in colloquial
Syrian Arabic. Together, these mechanisms en-
able effective dialect adaptation while maintaining
model stability and reproducibility.

The architecture is intentionally designed to be
modular. By decoupling the pretrained backbone
from the dialect-specific adaptation layer, the sys-
tem can be easily extended to other Arabic dialects
by replacing or retraining only the LoRA compo-

nents, without requiring full model retraining. This
modularity also facilitates experimentation with
alternative prompting strategies or constraint for-
mulations, making the approach well suited for
iterative refinement in shared-task settings.

An additional motivation for adopting LoRA in
this context is its alignment with the computational
and practical constraints of shared tasks such as
AMIYA. Parameter-efficient adaptation enables tar-
geted dialect specialization with limited resources,
avoiding the need for large-scale retraining while
preserving the robustness and generalization capa-
bilities of the underlying pretrained model. As a
result, the system emphasizes controllable stylistic
adaptation rather than architectural complexity.

This system is submitted as the primary submis-
sion for the Syrian Arabic track of the AMIYA
shared task.

5 Model and Training

The proposed system is built upon the Meta-
Llama-3.1-8B base language model (i.e., not the
instruction-tuned variant) (Touvron et al., 2023), ac-
cessed via the HuggingFace platform.1 Parameter-
efficient fine-tuning is performed using Low-Rank
Adaptation (LoRA) (Hu et al., 2022), while keep-
ing all original model parameters frozen.

LoRA adapters are injected into the attention
layers of the transformer architecture, specifically
targeting the q_proj, k_proj, v_proj, and
o_proj modules. The adaptation is configured
with a rank of 16, a scaling factor of 32, and a
dropout rate of 0.05. This configuration enables
effective dialect specialization while maintaining
training stability and computational efficiency.

Fine-tuning is conducted in a causal language
modeling setting using instruction-style input–
output pairs derived from the dialogue data. The
model is trained for 1.5 epochs using the AdamW
optimizer with a learning rate of 2× 10−4. A per-
device batch size of 4 is used in conjunction with
gradient accumulation over 8 steps, resulting in an
effective batch size of 32. To reduce memory con-
sumption, the model is loaded in 8-bit precision and
trained using mixed-precision (FP16). All training
procedures strictly comply with the AMIYA Open
Track regulations.

1https://huggingface.co/meta-llama/
Meta-Llama-3.1-8B

https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
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Submission Adequacy Fluency
SDNLP (Primary) 1.124 2.928

Table 1: Official AMIYA 2026 human evaluation results
for the SDNLP primary submission on the Syrian Arabic
track.

6 Prompting and Inference

During inference, a prompt-guided generation strat-
egy is employed to steer the model toward produc-
ing dialectally appropriate outputs. The evaluation
prompts are those officially released as part of the
AMIYA shared task and distributed by the task or-
ganizers under the AL-QASIDA evaluation frame-
work. These prompts typically include explicit
instructions such as “Translation:” or “Answer in
Syrian Arabic,” and are used in accordance with
their original attribution and evaluation guidelines.

To enforce dialectal and structural consistency,
the original prompts are augmented at the prompt
level with explicit constraints that require the gen-
eration of a single sentence in Syrian Arabic while
discouraging explanations, meta-commentary, or
multi-sentence outputs. These constraints are im-
plemented through prompt formulation rather than
decoding-time penalties, ensuring that generation
remains anchored to the semantic intent of the in-
put while allowing stylistic flexibility in colloquial
realization.

In addition to prompt-level control, a lightweight
post-processing step is applied to remove spuri-
ous surface-level artifacts. This step consists of
simple rule-based filtering to eliminate duplicated
tokens, unintended Latin characters, and residual
Modern Standard Arabic morphological endings
that occasionally appear in generated outputs. No
content-level rewriting or semantic modification is
performed during post-processing; the procedure
is limited to surface-form cleanup to preserve the
model’s original generation behavior.

The restriction to single-sentence outputs is moti-
vated by empirical observation rather than a formal
ablation study. In preliminary experimentation, un-
constrained prompts frequently resulted in longer,
explanatory responses that diluted dialectal consis-
tency. By contrast, explicitly constrained prompts
yielded outputs that were shorter, more predictable,
and more consistently aligned with colloquial Syr-
ian Arabic. This qualitative observation is reflected
in the example outputs presented in Section 3.

7 Evaluation

System predictions are generated for all test
prompts officially released as part of the AMIYA
shared task and provided by the task organizers
under the AL-QASIDA evaluation framework. The
prompts are processed in their original order with-
out re-ranking or filtering, and system outputs are
exported in a comma-separated values (CSV) for-
mat that preserves both the original sequence and
the exact number of entries, in accordance with the
shared task submission guidelines.

All evaluation is conducted centrally by the
AMIYA organizers. The evaluation framework
combines automatic metrics designed to assess di-
alectal characteristics with human judgments that
focus on perceived fluency and adequacy. No ad-
ditional test-time adaptation, prompt modification,
or post-hoc tuning is applied beyond the inference
constraints described in Section 6.

Table 1 presents the human evaluation scores pro-
vided by the task organizers. Adequacy measures
how well the generated responses align with the
intended meaning of the prompt, while Fluency re-
flects the perceived naturalness and conversational
quality of the output in Syrian Arabic. These hu-
man judgments play a central role in the AMIYA
shared task, where dialectal naturalness and spoken
plausibility are prioritized.

Table 2 reports the official automatic evalua-
tion scores. The ADI2 metric reflects overall di-
alectal performance, while the direction-specific
chrF-based scores measure cross-lingual and cross-
variety consistency between Dialectal Arabic (DA),
English (ENG), and Modern Standard Arabic
(MSA). These metrics are intended to capture stylis-
tic and distributional alignment rather than strict
semantic equivalence.

Taken together, the automatic and human eval-
uation results indicate that the proposed system
achieves competitive performance within the Syr-
ian Arabic track. While automatic metrics pro-
vide supporting evidence of dialectal alignment,
the evaluation framework places particular empha-
sis on human judgments, which better reflect col-
loquial fluency and dialectal authenticity. The re-
ported scores are consistent with the system’s de-
sign goal of prioritizing natural spoken Syrian Ara-
bic over strict semantic optimization.
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Submission ADI2 DA→ENG ENG→DA DA→MSA MSA→DA
SDNLP (Primary) 0.280 36.211 14.813 6.743 15.609

Table 2: Official AMIYA 2026 automatic evaluation results for the SDNLP primary submission on the Syrian
Arabic track. Directional scores are reported using chrF/chrF++ metrics as defined in the AL-QASIDA evaluation
framework.

Source (English) Base Model Output LoRA-Adapted Output
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Table 3: Qualitative comparison of output fluency between the base Llama-3.1-8B model and the LoRA-adapted
version.

8 Observations and Example Outputs

To assess the impact of dialect-specific adaptation,
we conduct a qualitative comparison between the
outputs of the LoRA-adapted model and those pro-
duced by the original Meta-Llama-3.1-8B base
model under identical prompting conditions. This
comparison is designed to isolate the effect of
parameter-efficient fine-tuning on stylistic and di-
alectal generation behavior, independent of task
formulation or prompt variation.

The evaluation prompts follow a controlled
instruction-based format. Each input explicitly re-
quests generation in Syrian Arabic using formula-
tions such as:

Respond in Syrian Arabic:
<sentence>
Rewrite in Syrian Arabic:
<sentence>

For clarity and readability, Table 3 reports only
the core semantic intent of each prompt, while the
full instruction templates are described here and
were applied consistently during evaluation.

Table 3 presents four representative examples
selected from a broader set of prompts used for
qualitative analysis. The examples correspond to
common conversational scenarios, including re-
fusal, hesitation, decision-making, and expressions

of temporal finality. They are not intended to be
exhaustive, but rather to illustrate systematic stylis-
tic differences in dialectal realization between the
base and adapted models.

Across these examples, the base model fre-
quently exhibits one or more of the following be-
haviors: (i) introduction of additional narrative or
explanatory content not implied by the prompt,
(ii) partial drift toward less context-appropriate or
more verbose responses, and (iii) overextended
utterances that exceed what is typical in sponta-
neous spoken Syrian Arabic. For instance, in the
prompt “Where are you going now?”, the base
model produces a longer utterance that introduces
additional imperatives and discourse elements be-
yond the pragmatic intent of the input.

In contrast, the LoRA-adapted model consis-
tently produces shorter, more direct utterances
that better reflect colloquial Syrian Arabic norms.
For example, in “What should we do now?”, the
adapted model favors a concise spoken formula-
tion that aligns closely with everyday conversa-
tional usage, while the base model expands the
response with speculative or emotionally loaded
content. Across the remaining examples, similar
tendencies toward brevity, pragmatic compression,
and reduced overgeneration can be observed.

These qualitative differences illustrate a con-
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trolled form of generalization rather than semantic
degradation. While certain outputs sacrifice literal
completeness, they remain contextually appropri-
ate and fluent within a spoken dialogue setting.
Importantly, these patterns are consistent with the
system’s observed behavior under the AL-QASIDA
evaluation framework, which emphasizes dialectal
fidelity, fluency, and naturalness over strict factual
accuracy. The examples therefore serve to con-
cretely illustrate how the proposed system satis-
fies the primary evaluation criteria of the AMIYA
shared task.

9 Conclusion

This work introduces a Low-Rank Adaptation
(LoRA)–based system for modeling the Syrian Ara-
bic dialect, developed and submitted within the
context of the AMIYA shared task. By concep-
tualizing the problem as a dialect modeling task
and integrating parameter-efficient fine-tuning with
prompt-guided inference, the proposed approach
attains a high level of dialectal fluency in accor-
dance with the AL-QASIDA evaluation framework.
The presented results underscore the suitability and
effectiveness of lightweight adaptation strategies
for advancing dialectal Arabic language modeling
while maintaining computational efficiency.

Limitations

The proposed system is not designed with the pri-
mary objective of maximizing factual accuracy or
delivering detailed technical explanations. Conse-
quently, when confronted with prompts involving
precise dates, named entities, or complex informa-
tional content, the generated responses may exhibit
a degree of abstraction or generalization. This be-
havior is an intentional outcome of the adopted
design strategy, which prioritizes dialectal authen-
ticity and conversational naturalness over exhaus-
tive semantic completeness.

Concrete examples of this abstraction can be
observed in Table 3, where the LoRA-adapted
model produces shorter, pragmatically appropri-
ate responses that condense or paraphrase the input
prompt rather than reproducing its full literal con-
tent. While this may result in reduced semantic
specificity, the outputs remain fluent, contextually
appropriate, and aligned with the evaluation objec-
tives of the AMIYA shared task.
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