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Abstract

This paper discusses our exploration of dif-
ferent data-efficient and parameter-efficient
approaches to Arabic Dialect Identification
(ADI). In particular, we investigate various soft-
prompting strategies, including prefix-tuning,
prompt-tuning, P-tuning, and P-tuning V2, as
well as LoRA reparameterizations. For the
data-efficient strategy, we analyze hard prompt-
ing with zero-shot and few-shot inferences to
analyze the dialect identification capabilities
of Large Language Models (LLMs). For the
parameter-efficient PEFT approaches, we con-
ducted our experiments using Arabic-specific
encoder models on several major datasets. We
also analyzed the n-shot inferences on open-
source decoder-only models, a general multi-
lingual model (Phi-3.5), and an Arabic-specific
one(SILMA). We observed that the LLMs gen-
erally struggle to differentiate the dialectal nu-
ances in the few-shot or zero-shot setups. The
soft-prompted encoder variants perform bet-
ter, while the LoRA-based fine-tuned models
perform best, even surpassing full fine-tuning.

1 Introduction

The task of Dialect identification (DI) focuses on
classifying the given input utterance to a specific
dialect class. Dialectal cues can be quite nuanced,
with a lot of fine-grained overlaps (Zampieri et al.,
2017, 2018). In recent years, hard prompting has
emerged as a simple yet effective and data-efficient
approach for leveraging large language models
(LLMs) in various natural language processing
(NLP) tasks (Brown et al., 2020). Due to their
extensive pre-training and advanced reasoning ca-
pabilities, LLMs enable zero-shot and few-shot
inference, offering data-efficient solutions across a
wide range of NLP tasks. While these models have
demonstrated impressive performance, much focus
has been on English-centric benchmarks (Lai et al.,
2023). In the context of dialect identifications (DI),

studies exploring zero-shot and few-shot perfor-
mance have primarily focused on open-source mod-
els, such as GPT and Gemini (Khondaker et al.,
2023; Bang et al., 2023; Rane et al., 2024).
Supervised fine-tuning allows encoder-based mod-
els to acquire domain-specific knowledge in the
context of transfer learning (Pan, 2020). Applying
this approach to LLMs introduces challenges such
as pretrain-finetune discrepancy (Yang et al., 2019),
inherited pretraining biases, and the high com-
putational cost of fine-tuning. To mitigate these
issues, Parameter-Efficient Fine-Tuning (PEFT)
techniques (Lialin et al., 2023) have been intro-
duced, which aim to achieve task adaptability with
minimal parameter updates.
In this study, we focus on evaluating data-efficient
and parameter-efficient strategies by selecting Ara-
bic as the primary language and Arabic Dialect
Identification (ADI) as the target task. Arabic is
a language spoken by a large community of ap-
proximately 400 million people, which is widely
distributed across various countries and regions.
The regional Arabic dialects differ from the Mod-
ern Standard Arabic (MSA) in lexical, syntactic,
and phonetic aspects (MSA: the official language
in many Arabic-speaking countries)(Zaidan and
Callison-Burch, 2014).
We define the research goals for the proposed
work as: Firstly, to analyze the data-efficient ca-
pabilities of LLMs in zero-shot and few-shot set-
tings for the Arabic Dialect Identification (ADI)
task. Secondly, to evaluate and compare parameter-
efficient fine-tuning methods, specifically LoRA
and soft prompting, in the context of ADI tasks,
and thirdly, to perform a comparative analysis of
prompting and fine-tuning strategies across multi-
ple ADI datasets using Arabic-specific LLMs.

2 Methods
In this section, we describe the approaches in detail:
data-efficient and Parameter-efficient approaches.
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3 Data-efficient approaches

Although manual engineering of the prompts can
be cumbersome, it remains practical and efficient
in many applications. Prompting has emerged as a
practical approach to infer LLMS without needing
full fine-tuning (Brown et al., 2020). To analyze
the dialect classification capabilities of LLMs, we
focused on using the zero-shot (ZS) and few-shot
(FS) inference strategies with LLMs.

We experimented with different ZS prompt vari-
ations, such as vanilla prompt, chain-of-thought
(CoT) inspired prompting, and binary prompting.
For few-shot, a general approach was utilized,
where some sample input-output pairs from the
training set were used to establish the few-shot ex-
amples. Further, as a strategy inspired by Clue And
Reasoning Prompting (CARP) (Sun et al., 2023)
was also employed. CARP adopts a progressive
reasoning strategy by first prompting the LLM to
extract superficial clues (e.g., keywords, tones, se-
mantic relations, references, etc), In our case, we
prompted ChatGPT (OpenAI, 2023) to get the spe-
cific dialectal vocabularies for each dialect and
further used them as clues in the prompt. The tem-
plates of different prompting strategies are shown
in Figures 3, 4, and 5 in Appendix B.

3.1 Parameter-Efficient Fine-Tuning (PEFT)

PEFT includes a set of approaches that enable the
efficient adaptation of LLMs in terms of mem-
ory and computational performance (Lialin et al.,
2023). In this paper, we experimented with two
variants of PEFT: reparameterization-based and
soft-prompting methods.

Low-Rank Adaptation (LoRA) LoRA (Hu
et al., 2022) is a reparameterization method de-
signed to adapt large pre-trained models with min-
imal additional parameters. Instead of updating
the full weight matrices during training, LoRA
freezes the original model weights and injects train-
able low-rank matrices into specific layers, which
significantly reduces memory and computational
costs.

Prefix-Tuning Prefix-tuning (Li and Liang,
2021) is a soft-prompt approach where a small set
of learnable vectors — prefixes — are prepended
to the input at each layer of a pre-trained language
model (PLM). These prefixes can be interpreted
as a sequence of virtual tokens that condition the
model’s internal representations without altering

its original parameters.

Prompt-Tuning This soft-prompting (Lester
et al., 2021) involves using a PLM without any
parameter updates and relies on natural language
templates to guide the model’s behavior. It intro-
duces soft prompts, which are appended to the
input embeddings. These soft prompts are opti-
mized via backpropagation, while keeping the rest
of the pre-trained model frozen.

P-Tuning P-tuning (Liu et al., 2024) is a soft-
prompt designed to enhance the performance of
language models like GPTs on Natural Language
Understanding (NLU) tasks, where traditional fine-
tuning often falls short. Unlike full fine-tuning,
which updates all model parameters, P-tuning in-
troduces trainable soft prompts that are prepended
to the input. These embeddings are optimized
to guide the model’s behavior for specific down-
stream tasks, while the original parameters remain
frozen. A distinctive feature of P-tuning is its use
of a Long Short-Term Memory (LSTM) network to
generate the soft prompts. The LSTM enables the
model to capture sequential dependencies within
the prompts, allowing more flexible and expressive
task conditioning than static embeddings.

P-TuningV2 P-Tuning v2 (Liu et al., 2022) ex-
tends the original P-Tuning approach and is de-
signed to improve performance in both text genera-
tion and knowledge probing tasks. Functionally, it
can be viewed as an application of Prefix-Tuning to
encoder-based models, such as BERT. While ear-
lier methods, such as prompt tuning, appended con-
tinuous prompts only at the input layer, P-Tuning
v2 introduces deep prompt tuning, where train-
able continuous prompts are inserted at every trans-
former layer. This significantly increases the ca-
pacity and expressiveness of the prompts, allowing
the model to better capture task-specific nuances
without modifying the underlying pre-trained pa-
rameters.

4 Datasets and Models

Data: In this work, we utilize different ADI
datasets that cover a wide range of Arabic dialects,
with different complexity levels. This includes
Vardial ADI, Arabic Online Commentary (AOC),
and NADI datasets. The VarDial ADI (Zampieri
et al., 2017), focused on five classes - MSA, Egyp-
tian, Gulf, Levantine, Moroccan, North-African.
AOC (Zaidan and Callison-Burch, 2011) covers



NADI NADI VarDial AOC
-2022 -2023 -ADI

Train 20398 18000 21001 86541
Dev 4871 1800 1566 10820
Test 4871 - 1492 10812

Table 1: The size of datasets expressed as the number
of utterances.

MSA and the dialectal varieties - Egyptian, Gulf,
Levantine, Moroccan. NADI datasets, available
since 2020 (Muhammad et al., 2020), were built
upon and extended the MADAR dataset (Bouamor
et al., 2019) by introducing a fine-grained, sub-
country level dialect identification task. NADI-
2022 (Abdul-Mageed et al., 2022) includes approx-
imately 20,000 tweets across 18 dialects. The data
statistics of each dataset are presented in Table 1.
Figure 2 in Appendix A shows the label distribu-
tion of NADI datasets, showing that datasets from
2020 to 2022 are quite unbalanced. In contrast,
the NADI-2023 dataset provides 18 dialects with a
more balanced distribution (Abdul-Mageed et al.,
2024).

Models: We compare the following models un-
der full fine-tuning (FFT)- AraBERT, AraBERT
Twitter, CamelBERT, MultiDialectBERT, MAR-
BERTv2. AraBERT (Antoun et al.) is an Arabic
PLM based on BERT, trained with OSCAR unshuf-
fled and filtered, Arabic Wikipedia dump, the 1.5B
words Arabic Corpus, the OSIAN Corpus, and As-
safir news articles. AraBERT Twitter was trained
by continuing the pre-training using the MLM task
on 60M Arabic tweets (filtered from a collection
of 100M). CamelBERT (Inoue et al., 2021) is a
collection of BERT models pre-trained on Arabic
texts with different sizes and variants - pre-trained
language models for MSA, dialectal Arabic (DA),
classical Arabic (CA), and a model pre-trained on
a combination of the three. MultiDialectBERT
(Talafha et al., 2020) is initialized with the model
weights using Arabic-BERT and trained on 10M
Arabic tweets from the unlabeled data of the NADI
shared task. MARBERT (Mageed et al., 2021) is
pre-trained on very large and diverse datasets to fa-
cilitate transfer learning on MSA as well as Arabic
dialect, along with a large Twitter dataset. It ran-
domly samples 1B Arabic tweets from an extensive
in-house dataset of about 6B tweets.

5 Experimental Settings, Results &
Analysis

5.1 Parameter-efficient approach results
Table 2 reports the FFT results across different
ADI datasets on various Arabic-specific encoder
models. After hyperparameter optimization, we
used a dropout rate of 0.3, a learning rate (lr) of
1e-5, a batch size of 8, and 5 epochs. It can be
observed that there is a wide discrepancy between
the NADI-2022 and 2023 performances, where the
latter was a balanced dataset.

In Figure 1, we report the results with PEFT-
based approaches with the MARBERTv2 model,
since this model presented the best performances
across various ADI datasets. For evaluation, we
used NADI-2023, considering its complexity due
to the inclusion of 18 dialects, while maintaining
balanced distributions. We use LoRA with r=8
in parameterizations while keeping the other hy-
perparameters the same as FFT. In soft-prompting
approaches, we compare the different techniques.
For P-tuning, we used SEQ_CLS task, with lr of
1e-3, a weight_decay of 0.01, and batch_size of
8. We used a similar configuration for prompt-
tuning and prefix-tuning with 20 virtual_tokens, to-
ken_dim of 768, num_transformer_submodules of
1, 12 attention_heads, and 12 layers. For these soft-
prompting experiments, we used the corresponding
HuggingFace wrappers. For the P-tuningV2, we
adapted (Liu et al., 2022)1.

It can be observed that all soft-prompting ap-
proaches performed similarly except P-tuningV2,
presenting a F-score of 83%, improving by 3 points.
The best performance was achieved with LoRA,
which outperformed even full fine-tuning by 1
point.

5.2 Data-efficient approach results
One of the main challenges in ZS and FS infer-
ences is to constrain the generation of LLMs to the
predictions or classes we intended. Open-source
LLMs are less straightforward than closed-source
conversational models, such as ChatGPT or Gem-
ini. For constraining the outputs properly, we relied
on the library Skorch 2. Skorch ensures that the
model always predicts the expected labels by in-
tercepting the model predictions (the logits) and
forcing them to be one of the labels. We experi-
mented with two open-source multilingual LLMs

1https://github.com/THUDM/P-tuning-v2
2https://skorch.readthedocs.io/en/stable/

https://github.com/THUDM/P-tuning-v2
https://skorch.readthedocs.io/en/stable/


Models NADI 2022 NADI 2023 Vardial ADI AOC
AraBERT V.02 0.25 0.71 0.35 0.73
AraBERT Twitter 0.29 0.79 0.39 0.73
CamelBERT 0.24 0.73 0.35 0.72
MultidialectBERT 0.27 0.73 0.41 0.71
MARBERTV2 0.30 0.84 0.40 0.79

Table 2: Model performance across various Arabic dialect datasets using full fine-tuning

Prefix-tuning P-tuning Prompt-tuning P-tuningV2 LoRAFFT
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Figure 1: Comparison of F-scores (%) of various PEFT methods with Full Fine Tuning (in NADI-2023 ADI dataset)

- Phi-3.5-mini and SILMA. SILMA is an Arabic-
specific LLM with 9B parameters, based on the
Gemma-7B model, and is essentially multilingual.
We performed the inferences on the NADI-2023
dataset.

With the Phi-3.5-mini, we achieved a zero-shot
(ZS) F-score of only 8%, with a significant bias
toward the Egyptian dialect. The situation did not
improve with the Arabic-specific SILMA model,
which showed a strong bias towards Saudi Arabian
dialect. Removing the biased label did not resolve
the issue, as the model consistently shifted its bias
to a new label at each phase. We also attempted
simple binary prompting (Figure 4) to reduce the
complexity of the prompt. This resulted in a slight
improvement, but not as much as expected. We
also analyzed some samples using ChatGPT and
Gemini, where the trend again appears to be biased
towards Egyptian and Saudi Arabian dialects. The
CARP-inspired approach did not yield the intended
results. Instead, the clues seemed to act as noise.
We could argue that the dialectal features generated
by ChatGPT may not be suitable, and we may
need to rely on manual curations, which could
be expensive. Our experiments on Arabic dialects
(NADI-2023) showed that LLMs’ zero-shot or few-
shot ability for dialectal discrimination is quite
limited.

Observations: Model prediction may depend
heavily on the pre-training data, such as the di-
alectal variety it has seen, without any specific un-
derstanding of the dialectal categorization features.
With few shots, the samples may not be as indica-
tive for this specific task as for other NLP tasks,
such as sentiment analysis. In the specific use case
of dialect classifications, the labels by themselves
do not constitute any semantic meaning.

6 Conclusion

In this paper, we present the analysis and compari-
son of the data-efficient prompting strategies and
parameter-efficient fine-tuning approaches in the
Arabic dialect identification task. We observed that
the performance varies across the dialectal datasets
based on the complexity and granularity of the di-
alectal classes. The performance across various
Arabic-specific encoder variants shows that the
PEFT approaches can be quite effective in these
tasks. At the same time, the prompting strategies
with LLMs reveal that regardless of the prompt
variations, LLMs struggle to understand the nu-
anced dialectal cues. The challenge increases with
the hard classification task, since dialectal varieties
can often overlap, and sometimes these can be fine-
lined.
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A Dataset details

Figure 2 represents the label distributions of NADI
2020-2022. NADI-2023 has a balanced distribu-
tion.

B Prompt Details

The main prompt templates are given in Figures 3,
4, and 5.



Figure 2: Label distributions of NADI 2020-2022

system_msg = You are a dialect classification model that is really good at following instructions. Please follow the user's instructions as precisely as you can.

user_prompt = Your task will be to classify the given Arabic text into one of the following classes: {classes}.

Please respond with a single label that you think fits the text best. Each of the input text belongs to a specific Arabic dialect.
Analyze the dialectal features and then give the prediction. Classify the following list
of Arabic dialectal texts:
text: '{X}'
class:

Figure 3: Vanilla zero-shot prompt.

user_prompt = Your task will be to classify the given Arabic text and decide whether it belongs to a given dialect or not.
The dialect classes are given: {classes}. Each of the input text belongs to a specific Arabic dialect.
Analyze the dialectal features and then give your prediction. Let us follow a step by step process.

1. Assume yourself as a binary classifier
2. Ask whether the text belongs to each of the dialects in the given
list or not: {classes}.
3. Output the predictions
Arabic Input text: '{X}'
predictions:
"""

Figure 4: Binary zero-shot prompt.

You are a dialect classifier. List the most important textual features of the Arabic dialects from the given list if you need to classify them.
Please note that classification is based only on the written text. Can you provide a dialectal vocabulary of 20-30 words for each dialect?.

The dialects are:
["Algeria","Bahrain","Egypt","Iraq","Jordan","Kuwait","Lebanon","Libya","Morocco",
"Oman","Palestine","Qatar",
"Saudi_Arabia","Sudan","Syria","Tunisia","UAE","Yemen"]".

Please give the answer in list of dictionaries with each dict key corresponding to
the dialect and the values the vocab list. Include only the Arabic words.”

Figure 5: Few-shot prompt inspired by CARP (Sun et al., 2023).
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