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Abstract

Sarcasm classification on Arabic dialects
acutely suffer from low quantity and noisy
labelled data. While few-label classification
techniques typically employ pseudo-labelling,
current pseudo-labelling methods are prone to
noise accumulation. We introduce a novel
framework called ResPL, leveraging Large
Language Model (LLM) reasoning to gener-
ate higher-quality and interpretable pseudo-
labels via a prompting strategy that engages
the LLM in a Chain-of-Thoughts (CoT) pro-
cess. Our method refines these reasoning-
based labels through thematic categorisation
and utilises them in an Incremental Learn-
ing (IL) paradigm to enrich the final model
training with limited gold labels. We vali-
date our approach on two dialectal sarcasm
datasets using a range of base models and pre-
viously reported approaches. We report signifi-
cant improvements over SOTA F-scores, affirm-
ing the value of reasoning-grounded pseudo-
labels for low-resource Arabic dialect settings.
Code, data and trained models are available at
https://github.com/z556190/ResPL.

1 Introduction

Technological advancements have spurred research
in text analysis and classification, a crucial aspect
in fields like healthcare and web security. For ex-
ample, mechanisms to verify hate speech (Khurana
et al., 2025) and algorithms to classify phishing
attempts (Alshdadi, 2024) have been developed to
address specific challenges.

However, text classification (TC) faces chal-
lenges that may hinder its effectiveness in Low-
resource (LR) languages. Key obstacles include:
(1) Datasets with limited labels expressed as few
labelled datasets, and (2) the lack of effective pre-
processing and language-specific tools. In con-
trast with languages with abundant resources, such
as English and Chinese, Arabic is categorised as
an LR language (Faheem et al., 2024), grappling

with a shortage of annotated datasets, computa-
tional tools, a nascent research community and
limited institutional infrastructure and underfunded
research frameworks. Despite that, Arabic is an
ancient Semitic language with early attestations in
first-millennium-BCE inscriptions that later devel-
oped into diverse regional and sub-regional dialects.
(UNESCO, 2023). It can be divided into Modern
Standard Arabic (MSA) and various local dialects,
which reflect changes in the language and are used
by over 422 million speakers worldwide (Faheem
et al., 2024). The web, particularly social media, is
a significant platform for Arabic content creation,
primarily consisting of text-based posts. This tex-
tual data enables systematic analysis through com-
putational linguistics methods, supporting tasks
such as text classification, sentiment analysis, and
discourse understanding. Nonetheless, the progres-
sion of Arabic research in NLP has been relatively
slow, particularly in the context of few-label. The
limited availability of labelled data further impedes
the advancement of Arabic NLP, restricting the de-
velopment of essential applications and affecting
the broader NLP landscape.

The challenges associated with the scarcity of
labelled and unlabeled datasets have been explored
from various perspectives, particularly concerning
computational algorithms during both the data col-
lection and processing stages. In the data collection
phase, crowdsourcing (Yung and Demberg, 2025)
may serve as a viable solution for labelling data in
specific contexts. This approach can lead to exces-
sive workload, negatively affecting output quality
and increasing the risk of human error. Further-
more, multiple text data augmentation techniques
have emerged, including Easy Data Augmentation
(EDA) (Wei and Zou, 2019) and methods based on
LLMs (Li et al., 2024). Notably, (Li et al., 2024)
has leveraged LLMs to generate higher-quality ob-
servations through tailored instructions tailored for
few-shot scenarios.



In the processing stage, several significant
methodologies have been developed to enhance
data quality. First, active learning (Margatina et al.,
2023) involves a human intermediary who plays
a crucial role in optimising data quality. How-
ever, this approach may necessitate the presence
of specialists, which is not always feasible for all
tasks. Second, semi-supervised (Yusuf et al., 2022)
learning has the potential to automate the active
learning process, thereby mitigating the need for
annotators. Third, self-learning techniques gener-
ate Pseudo-Labels (PLs) and progressively refine
them over time. Fourthly, an IL framework, ex-
emplified by Flick (Almutairi et al., 2025), utilises
clustering techniques on embeddings of unlabelled
data, thereby generating PLs. These PLs are subse-
quently employed to initialise the CLS-FT model
by integrating the weights derived from a previ-
ously trained version of the PL-FT model on the
generated PLs. Nevertheless, it carries the risk
of accumulating noise within the dataset. Addi-
tionally, the existing methodologies can often be
ambiguous, particularly for linguistic researchers.
Lastly, LLMs, especially those employing reason-
ing capabilities, can, to some extent, assist in few-
shot learning tasks (Hasanaath et al., 2025), al-
though they present significant operational costs
and availability in the long run.

In light of the challenges identified above, this
study investigates whether pseudo-labels that are
grounded in explicit reasoning are more useful for
few-label learning than pseudo-labels that carry
only a class decision. We propose ResPL, a three-
stage framework in which a reasoning-capable
teacher LLM produces, for every unlabelled text,
both a pseudo-label and a short rationale; these
rationales are then abstracted into a compact inven-
tory of semantic themes; and the resulting super-
vision is consumed by two successive student en-
coders, so that pseudo-label training and gold-label
training never share a single optimisation stage.
Distilling from a stronger teacher into a small en-
coder keeps privacy exposure, inference cost and
API dependence low at deployment time, while
separating the two students limits the propagation
of pseudo-label noise into the final classifier. The
formalism is given in Section 3 and the pipeline in
Section 4. We evaluate ResPL on Arabic dialec-
tal sarcasm detection, a task where the pragmatic
cue is frequently carried by dialect- and culture-
specific signals and where labelled data is particu-

larly scarce.
Our contributions can be summarised as follows:

* The development and preprocessing of two
datasets that incorporate reasoning and categorise
them into related themes, which will be made
publicly available.

* The fine-tuning of two models for dialectal sar-
casm detection in mono- and multi-dialect in few-
shot settings where data is limited, which will
also be publicly available.

¢ The evaluation of two Arabic datasets in dialectal
sarcasm detection domains within a constrained
data context.

* The establishment of a viable framework for few-
label methods tailored to LR settings, particularly
for under-resourced languages like Arabic.

2 Related Work

The scarcity of Arabic data in LR settings has been
discussed through various methodologies focused
on data acquisition and advanced algorithms. To
mitigate this issue, strategies for obtaining addi-
tional data and efficiently managing annotators can
be employed. However, challenges remain, includ-
ing: (1) difficulty in collecting the necessary data;
(2) potential inconsistencies in annotation quality
due to high workloads; (3) lengthy annotation pro-
cesses from large volumes of raw data; and (4)
data privacy constraints. As a result, synthetic and
augmented data serve as promising alternatives, al-
though the labelling challenge persists. In terms
of techniques, semi-supervised, weakly-supervised,
and self-supervised learning algorithms have been
implemented to integrate a limited number of la-
belled instances with unlabeled data, gradually en-
hancing the labelling budget through the genera-
tion of PLs. For instance, AlYami and Al-Zaidy
(2022) employed a semi-supervised approach to
effectively tackle the limitation of labelled data in
the context of Arabic dialects, utilising two specific
datasets: the Arabic Dialect Short Text and the
Arabic Dialect Dictionary. Their integration of the
AraRoBERTa model yielded promising outcomes.
Moreover, Semi-supervised approaches have also
proven highly effective for sarcasm detection de-
spite data scarcity (Ameur et al., 2023). Never-
theless, it is crucial to acknowledge that accuracy
alone may not serve as a sufficient evaluation met-
ric, particularly in scenarios where dataset imbal-



ance is present. Despite employing sophisticated
semi-supervised frameworks like semi-Supervised
Generative Adversarial Network (SS-GAN) to en-
hance Arabic dialect identification, ? reported sub-
optimal results under constrained data conditions,
suggesting that SS-GAN approaches alone may not
fully resolve the issue of model generalisability.
Abdelali et al. (2024) explored few-shot prompting
with GPT-4 for Arabic sarcasm detection, noting
that performance remains limited when restricted
to minimal observations. However, the proprietary
nature of this model necessitates a subscription, pre-
senting potential risks associated with long-term
availability and feasibility. Recent advancements
have also seen the application of reasoning models
like DeepSeek R1 and GPT 04-mini to Arabic di-
alect and sarcasm detection, proving effective even
in contexts with limited observations (Hasanaath
et al., 2025). However, it is worth noting that these
impressive results from open source reasoning mod-
els were derived from very large models, which de-
mand significant computational resources for both
training and inference.

These methodologies often suffer from noise dur-
ing training, induced by the concurrent use of PLs
and a limited number of true labels, which may
introduce errors in the model’s progression. Con-
sequently, a pivotal shift in these methodologies
has involved the employment of clustering tech-
niques to generate PLs and the segregation of the
training phases for PLs and true labels. Shnarch
et al. (2022) introduced the Cluster and Tune frame-
work, which has gained recognition as a leading
approach within the academic community. Addi-
tionally, Alsuhaibani et al. (2024) developed an
enhanced version of this framework, termed ID-
oFew, which outperformed its precursor on the
same evaluative benchmarks. However, implement-
ing multiple clusters has resulted in diminished
model efficiency and increased operational costs.
In response, an alternative framework called Flick
(Almutairi et al., 2025) has been proposed, consist-
ing of three key stages: (1) generating PLs through
clustering the embeddings of unlabeled data; (2)
refining these clusters to the top-k candidates with
the aid of a language-specific Pre-Trained Model
(PTM) that enhances performance; and (3) fine-
tuning a small number of labelled examples us-
ing a language-related PTM (Cls-FT), initialising
weights based on the prior stage.

While Flick has achieved SOTA results in LR

contexts with limited labelling (Almutairi et al.,
2025), there remains room for improvement in the
quality of PLs. The existing Pseudo-Labelling
(PL) methodology is relatively rudimentary, and
the rationale behind assigning PLs lacks clarity.
Therefore, integrating the CoT reasoning model
with the primary model could potentially enhance
pseudo-label quality and elucidate the underlying
reasoning for researchers. Nonetheless, since the
reasons stem from individual data points, reliance
on the parent model may be costly and inconsis-
tently accessible. Moreover, obtained PLs might
be leveraged by a thematic process to enrich the
content of the few-labels in the final training stage.

3 Problem formulation

The problem is mathematically formulated as fol-
lows.

Let U = {z;}Y, denote the unlabelled pool,
where each x; is a piece of raw text and N is the
number of training texts whose gold labels are with-
held. Let £ = {(zj, yj)}j]\i1 denote the small
gold-labelled set available for the final training
stage, where y; € ) is the human annotation of
x;. The index ¢ ranges only over U/ and the index
j ranges only over L, and the two sets are disjoint
U N L = @). For the two sarcasm benchmarks
used here )V = {0, 1}, with 1 denoting sarcastic.

U= {wi}i]\;b
M = 100,

L= {(zj,y) 1L,

(1)
Yj € {07 1}

To generate more reliable pseudo labels ¢; for
each z;, we establish a connection between the
raw text x; and the reasoning r; with g; through
a prompt template P directed at a teacher LLM
G. This process yields a more dependable pseudo
label §j;, grounded in the reasoning 7;, derived from
internal reasoning chains.

(9i,73) < G(xi3p),m € R (2)

However, the set of reasons R ={ry,79,...,7;}
exhibits high variance and inconsistencies. Con-
sequently, clustering them into related themes ¢;
helps mitigate noise and enhances the training pro-
cess for the Student B BERT-Based Model (BBM).
A theme is defined as a group of semantically re-
lated textual data points. Each theme ¢; is associ-
ated with its corresponding reasoning r; through
the teacher LLM G by inputting the reasons R and
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Figure 1: Our novel ResPL framework.

prompt P. The resulting set of extracted features,
referred to as Theme 7', minimises the noise from
the reason set R and improves consistency.

tl%G(Tlap)vtl € {17"-)Td} (3)

Subsequently, we crafted prompt templates <I>§U)
and <I>§L) to be input into the related model in the
incremental and final training stages, respectively.
Prompt template <I>§U) incorporates z; and is fed
into a Student A (smaller BBM) f4 in the Incre-
mental layer to initialise the weights for training
in a later stage, which is evaluated using a loss

equation (eq.6) presented below.

G

. =P(xi) @

Finally, the weights obtained from the previous
step are employed to initialise the weights (eq.7)

for training a successive Student B (smaller BBM)
(L)

fB using prompt template ® ;> which consists of

xj,t; as follows:
L)

o'

i =P(z;,t5)

(&)

and is assessed against the actual labels as indi-
cated in eq.8 below. We used Cross-Entropy (CE)
as a cost function. P(.) is a transfer function where
it transfer the format of the raw text to the follow-
ing format: <text> raw text </s> <theme> theme
name </s>.

pi = fa(@7:60,),

1 .. 6
Lossa = > CE(pi, i) ©

(N

q; = fB(‘I)§«L);93),

1 . 8
Lossp = i ZCE(qj,yj) ®)
J

4 Methodology

This section outlines the key components of our
methodology. Figure 1 illustrates our methodology.

4.1 Knowledge distillation

The utilisation of a powerful LLM, such as GPT-03,
to generate and preprocess textual data enhances
the content used to train a less robust LLM, leading
to improved performance in both the Incremental
and final phases of model development. By trans-
ferring high-quality data from the teacher LLM
to the student one, the subsequent performance is
refined, positively impacting the reliability, avail-
ability, sustainability, and overall performance of
the proposed framework. Furthermore, this knowl-
edge will be applied to train Student A BBM by
PLs, which will, in turn, initialise the Student B
BBM for handling few-label data. We instanti-
ate the teacher with GPT-03, but the framework
assumes only that the teacher can return a label to-
gether with a rationale in structured form (Stage I)
and can group short texts into a bounded inventory
(Stage II). Any reasoning-capable LLM satisfying
this interface can be substituted; the trade-offs of
doing so are discussed in the Limitations.



Reasoning-based Pseudo label While LLMs
possess significant semantic understanding, gen-
erating direct PLs through LLMs may lead to less
reliable outcomes due to factors such as lack of
context, brittleness, and opacity. To improve the
reliability of these PLs, we obligate the LLM to
provide reasoning that supports its decisions for
specific observations. This implicit connection be-
tween the LLM’s final answer and the rationale for
each data point compels the model to engage in
an internal reasoning process, drawing from con-
text before arriving at a final decision backed by
reasoning. By requesting a rationale, the LLM is
prompted to create an interpretability pathway that
utilises latent knowledge, enhancing the strength
of the resulting PLs.

Theming reasons To reduce the high variance
and noise present in the context window of the rea-
sons, and to enhance the context for the training
phase of the student B, we extract a finite set of
themes from the reasons space by prompting strat-
egy to the teacher LLM. A theme is defined as a
group of semantically related textual data points.
Each data point is then assigned to a theme through
a semantically comprehensive computation using a
robust LLM. Theming is performed by the teacher
in a single pass over the pooled reason set; it is an
LLM-driven semantic grouping, not embedding-
space clustering as in ClusterTune, IDoFew or
Flick. We do not fix Ty in advance; the teacher
is constrained to return a mutually exclusive, col-
lectively exhaustive inventory of 8-20 themes (Ap-
pendix A.2) and chooses the granularity itself. In
practice it returned 8 themes for Ar-Sarcasm and 7
for Sa’7r; the full inventories, with English glosses,
are given in Table 6. The knowledge obtained from
this more reliable LLM will improve the perfor-
mance of the student B, as it incorporates higher-
quality insights from the teacher LLM. This struc-
tured contextual information streamlines the train-
ing process of the later BBM by providing more
focused content. As the text and theme, and a few
real labels are processed in a structured manner, we
will employ an IL approach to optimise the student
B model for few-shot learning.

4.2 Incremental learning and Few-label

In stage 3, we employed two student BBMs to sep-
arate the pseudo-label training from the few-label
training. This approach helps mitigate the risk of
error accumulation that can occur when combining

pseudo and real labels in a single model. Addition-
ally, we utilised the pseudo-label training capabili-
ties of Student A BBM to initialise the weights for
Student B BBM, as it shares some similarities with
the task at hand. This strategy, combined with the
few labels, facilitates a more effective continuation
and adjustment of the training process.

4.2.1 Student A in Incremental learning stage

In the context of IL, a preliminary model (student A
BBM) is developed prior to the final model (student
B BBM), facilitating a continuous evolutionary pro-
cess aimed at recognising patterns analogous to
those employed in the subsequent model. This
initial training phase is instrumental in ensuring
that the final model achieves a level of proficiency
that is adequate for processing a limited dataset
effectively.

4.2.2 Student B in Few-label learning stage

The weights derived from the Student A model will
subsequently be utilised in the Student B model to
facilitate the training of 100 real labelled data in-
stances within the same model class. Moreover, the
thematic tags enrich the context window alongside
the text. Our framework has been applied across
two Arabic datasets, demonstrating its effective-
ness in both cross-domain and LR contexts.

4.3 Prompt Strategy

To effectively transfer knowledge from Teacher
LLMs, our prompt template strategy incorporates
context, tasks, instructions, and constraints. This
approach guides the reasoning behaviour of the
LLM before it generates output. Then, we leverage
this new knowledge by theming related sematical
texts. Later, we use this knowledge for smaller
models’ enhancements. We have designed three
distinct prompt templates. First, we instruct the
Teacher LLM to produce PLs supported by reason-
ing. This prompts the Teacher LLM to engage in
CoT process prior to generating these PLs. Con-
cretely, the Stage I instruction is:

System Prompt

You are an expert Arabic sarcasm classifier.
Return ONLY valid JSON of the form:
{"label": OI1, "reason": "concise justification"}
label 0 = not sarcasm, 1 = sarcasm.

Emitting the label and the justification inside a
single JSON object forces the teacher to commit
to a rationale in the same forward pass that pro-
duces the decision, rather than rationalising a label



Dataset Train Eval Test Setting
Ar-Sarc. 6,005 2,432 2,110 Multidialectal
Sa’7r 4,058 3,458 1,186 Monodialectal

Table 1: Dataset splits and dialect settings.

after the fact. Full templates for all three stages
are given in Appendix A. Next, we build on this
newfound knowledge by categorising the reasons
into related themes by prompting the Teacher LLM.
More information can be found in prompt template
in Appendix A.2. Finally, we utilise text and theme
tags to transfer the raw text to incorporate the new
information as additive knowledge alongside raw
text in the Student B BBM. Refer to prompt tem-
plates in Appendix A.3 and A.4 for the Student A
and Student B BBMs, respectively.

5 Results and Discussion

Dataset Two distinct publicly available Arabic
datasets were used to assess the ResPL framework,
including (1)Ar-Sarcasm (Abu Farha and Magdy,
2020) (2) The Irony of Saudi Dialect (Sa’7r) (Al-
Mazrua et al., 2022). The ArSarcasm dataset served
as the basis for the Ar-Sarcasm dataset. Every
dataset includes sets for training, evaluation, and
testing. Each dataset’s details are summarised in
Table 1. Lastly, 100 balanced labelled observations
were used to train the Student B model to mimic
LR settings. For detailed dataset sizes and token
statistics, see Appendix E.

We evaluate ResPL on two Arabic text-
classification benchmarks, Ar-Sarcasm and Sa'7r,
using macro-F1. All models, including baselines,
are fine-tuned under an identical 100-label budget
and training protocol to ensure a fair comparison.
In Appendix C, Table 5 reports the hyperparame-
ters used by ResPL and all re-run baselines. Table 2
presents a comparison of ResPL against 11 Arabic
and English BERT-based models (BBMs), as well
as 6 SOTA few-label methods originally designed
for English and re-evaluated here in both their orig-
inal form and with an AraBERTv2 backbone.

Dialect-exclusive fine-tuning generalises poorly.
Under 100-label SFT, the dialect-exclusivity pat-
tern becomes even more pronounced. EgyBERT,
trained exclusively on Egyptian tweets and fo-
rum text, achieves the single highest score on Ar-
Sarcasm among all BBMs (64.29), consistent with
Egyptian content comprising approximately 47.5%
of the sarcastic tweets in that dataset (Abu Farha

Model Ar-Sarcasm Sa'7r Mean
Zero-shot (no fine-tuning)

Arabic-BERT 45.77 32.63 39.20

AraBERTv2 47.56 32.92 40.24

AraBERT-Twitter (large) 46.76 38.52 42.64

MARBERTV2 50.40 51.74 51.07

Supervised Fine-tuning on BERT-Based Model (BBMs)

Arabic-BERT 56.71 49.70 53.20
ARBERTV2 60.42 64.82 62.62
AraBERT-Twitter (large) 60.97 64.42 62.70
AlcLaMv2 63.51 62.55 63.03
CamelBERT-mix 57.95 50.98 54.47
CamelBERT-MSA-DID 55.24 61.05 58.14
MARBERTV2 56.28 62.59 59.44
EgyBERT 64.29 38.72 51.51
SaudiBERT 60.52 61.40 60.96
BERT (English) 54.07 53.48 53.77
DistilBERT (English) 51.95 45.68 48.81
mBERT 48.13 51.28 49.70
Few-label SOTA Methods
Cluster&Tune * 44.86 46.45 45.66
Cluster&Tune 48.33 65.11 56.72
IDoFew * 49.81 64.28 57.05
IDoFew 62.40 66.18 64.29
FLICK * 69.24 67.96 68.60
FLICK 62.80 66.69 64.75
ResPL 72.39 69.98 71.19

Table 2: Macro-F1 (%) on Ar-Sarcasm (multi-dialect)
and Sa'7r (Saudi dialect). "x" indicates original pub-
lished hyperparameters; all other baselines use the same
budget and training parameters as ResPL. Bold = best
per column; underline = second best.

and Magdy, 2020). On Sa'7r, however, EgyBERT
collapses to 38.72, a cross-dialect drop of 25.57
points, because its representations are tuned to
the Egyptian dialect that is absent from Saudi
discourse. More broadly, several Arabic BBMs
achieve relatively balanced performance across the
two dialectally diverse sarcasm datasets, suggesting
that their pre-training learns representations that
transfer across different Arabic varieties. These re-
sults expose a fundamental limitation of the dialect-
exclusive and non-exclusive pre-training paradigm:
a model that excels at one Arabic dialectal sarcasm
variety tends to fail at another. While pre-training
appears to provide a degree of cross-dialect gener-
alisation, the relatively modest gains observed un-
der 100-label SFT suggest that standard few-label
fine-tuning may not be sufficient. This observation
points to the potential value of developing more
effective fine-tuning strategies for LR dialects.



Multi-dialect and dialect-mixed models are
more robust. Across the SFT BBMs group,
the most consistent cross-dataset performers are
models with broad dialectal coverage. AR-
BERTvV2 (60.42/64.82) and AraBERT-Twitter
(60.97/64.42) both achieve higher Sa'7r scores
than on Ar-Sarcasm, suggesting that their broader
pre-training distributions generalise better to Saudi
dialect once even a small number of task labels
are provided. MARBERTV2’s Twitter-heavy pre-
training similarly yields a Sa'7r advantage un-
der SFT (56.28/62.59), despite underperforming
EgyBERT on Ar-Sarcasm. AlcLaMv2, trained
from scratch on a 13 GB dialectal social-media
corpus, achieves the strongest mean across all
BBMs (63.51/62.55; mean 63.03), demonstrat-
ing that dialect-diverse yet domain-matched pre-
training can be more effective than scale alone.
Notably, CamelBERT-MSA-DID, a model fine-
tuned for dialect identification on Twitter, shows a
Sa'7r advantage of +5.81 points over Ar-Sarcasm
(55.24/61.05), supporting the hypothesis that ex-
plicit dialect awareness in the feature space im-
proves Saudi sarcasm detection even when that
awareness was trained for a different task. English-
only and multi-lingual models (BERT, DistilBERT,
mBERT) are mostly below their Arabic counter-
parts on both datasets, suggesting that linguis-
tic mismatch is a substantial barrier regardless of
model scale. ResPL achieves +8.10 points over
EgyBERT on Ar-Sarcasm and +5.16 points over
ARBERTV2 on Sa'7r, demonstrating that improve-
ments in the fine-tuning process can enhance the
limitations of conventional few-label adaptation.
Notably, these gains are obtained using a general-
purpose Arabic BERT backbone rather than a
dialect-specialised model.

Few-label SOTA methods are sensitive to di-
alectal mismatch. The backbone swap between
two languages (English and Arabic) critically de-
termines whether a SOTA few-label method can
handle dialectal sarcasm. Cluster&Tune* with its
original English-oriented backbone reaches only
44.86/46.45; switching to ARBERTV2 boosts
Sa'7r by +18.66 points (to 65.11) while Ar-Sarcasm
improves only marginally (+3.47), confirming that
the clustering step benefits disproportionately from
an Arabic-aware backbone on the Saudi dialect task.
IDoFew follows a similar pattern: its ARBERTv2
variant gains +1.90 on Sa'7r over the original while
gaining +12.59 on Ar-Sarcasm, reflecting that ID-

Model Ar-Sarcasm Sa'’7r Mean
ALLaM-7B-Instruct 54.91 52.89 53.90
LLaMA 3.1-8B 40.38 45.60 42.99
LLaMA 3.2-1B-Instruct 53.14 36.23 44.69
AceGPT-13B 54.24 49.63 51.94
Qwen2.5-72B-Instruct 14.05 34.11  24.08
GPT-40 67.14 65.18 66.16
ResPL 72.39 69.98 71.19

Table 3: Macro-F1 (%) comparing ResPL with fine-
tuned LLMs. Bold = best; underline = second best.

oFew’s instance-selection strategy might capture
cross-dialect sarcasm variance more readily in the
multi-dialect corpus. FLICK*, the highest base-
line (69.24/67.96) among them, is the only SOTA
method to maintain sub-2-point parity across both
datasets under its original configuration, a result
attributable to its design targetted Arabic language
and its feature-space clustering operating over a
richer label-informed representation. Under our pa-
rameter budget, FLICK drops on Ar-Sarcasm and
on Sa'7r. ResPL surpasses FLICK* by +3.15 points
on Ar-Sarcasm and +2.02 points on Sa'7r, establish-
ing a new state of the art on both dialectal sarcasm
benchmarks under the 100-label constraint.

Table 3 compares ResPL against six LLMs fine-
tuned under the same 100-label budget and training
protocol. This comparison is designed to exam-
ine whether LLMs exhibit differential sensitivity
to the two dialectal sarcasm settings and evaluate
whether a compact BERT-based model, trained via
our continual learning pipeline, can compete with
parameter-heavy LLMs.

LLMs are not uniformly sensitive to Arabic
dialect in sarcasm. Unlike BBMs, whose per-
dataset gaps follow a predictable pattern tied to
pre-training dialect coverage, LLMs under few-
label fine-tuning exhibit erratic cross-dialect be-
haviour. LLaMA 3.2-1B-Instruct scores 53.14 on
Ar-Sarcasm but collapses to 36.23 on Sa'7r (A =
—16.91), a steeper Saudi-dialect drop than even
Arabic-BERT at zero-shot. This collapse likely re-
flects the combination of its English-dominant pre-
training and the severely constrained fine-tuning
signal: 100 Saudi dialect sarcasm samples are in-
sufficient to re-orient a model whose representa-
tions of Arabic are both sparse and MSA-biased.
Qwen2.5-72B-Instruct presents the most dramatic
case: it scores only 14.05 on Ar-Sarcasm, well



Configuration Ar-Sarcasm Sa'7r Mean
Zero-shot 47.56 32.92 4024
Only Student BY 60.42 64.82  62.62
Only Student BT 55.05 59.84 5745
Only Student AN 7 65.86 57.29 61.58
Only Student A 70.81 69.93 70.37
Full ResPLY 63.05 67.36  65.20
Full ResPL” 72.39 69.98 71.19

Table 4: Ablation study (Macro-F1, %). Each
row removes or modifies one ResPL component.
R reasoning-based pseudo-labels;V ?: non-reasoning
pseudo-labels;”": theme tags enabled;": no theme tags.
Best results are shown in bold.

below random for the sarcastic class in a class-
imbalanced binary task, yet rises to 34.11 on Sa'7r.
This inversion suggests that fine-tuning a large
instruction-tuned model on 100 multi-dialect exam-
ples catastrophically disrupts its internal representa-
tion of cross-dialect sarcasm, whereas the more ho-
mogeneous Saudi dialect signal allows some resid-
ual alignment. Arabic-aware LLMs (ALLaM-7B,
AceGPT-13B) show narrower cross-dialect gaps
—2.02 and —4.61 respectively), consistent with
their Arabic pre-training providing more stable di-
alectal grounding. GPT-4o0 fine-tuned is the best
LLM overall (67.14/65.18; mean 66.16) and main-
tains near-parity across dialects (—1.96), suggest-
ing that its proprietary fine-tuning pipeline may
include regularisation that limits dialectal overfit-
ting under low-resource conditions. ResPL sur-
passes GPT-4o fine-tuned by +5.25 on Ar-Sarcasm
and +4.80 points on Sa'7r, while using a publicly
available small encoder model, enabling strong per-
formance across both dialectal sarcasm settings
without relying on a closed API or models with
massive parameter counts.

5.1 Ablation study

To isolate the contribution of each component in
ResPL, we conduct a systematic ablation over 2
benchmarks. Table 4 reports macro-F1 scores for
7 configurations: the full method and 6 degraded
variants obtained by isolating individual pipeline
stages.Firstly, reasoning-based PLs appear to be
the most consequential component, particularly for
Saudi dialect. Student A with reasoning PLs out-
performs its non-reasoning counterpart by +4.95
points on Ar-Sarcasm and +12.64 points on Sa'7r
(57.29—69.93): trigger chain-of-thought reason-

ing by the teacher LLM can surface the pragmatic
intent behind each utterance in ways that a plain
label cannot, though the exact mechanism warrants
further investigation. Secondly, theme tags are ben-
eficial when combined with Student A’s reasoning-
grounded representations. Injecting themes into
plain SFT (Student B only, with themes) reduces
performance relative to the no-theme SFT baseline
(—=5.37 on Ar-Sarcasm;—4.98 on Sa'7r), suggest-
ing that theme addition introduces noise unless the
model has already been exposed to reasoning-based
PLs supervision. Conversely, the full pipeline with
theme tags gains +9.34 on Ar-Sarcasm over the
no-theme variant (63.05—72.39), while the gain
on Sa'7r is more modest (+2.62), possibly because
Sa'7r’s narrower topical scope makes additional
thematic grouping less informative. Finally, the
two components appear complementary across di-
alectal sarcasm settings: reasoning PLs provide
the larger relative gain on the monodialectal Saudi
corpus, whereas theme tags provide the larger rela-
tive gain on the topically diverse multi-dialect cor-
pus, suggesting each addresses a different source
of within-class variance.

6 Conclusion

In this study, we investigated the use of a reasoning-
capable LLM to generate pseudo-labels and accom-
panying rationales for low-resource Arabic sarcasm
detection. The results suggest that reasoning-based
pseudo-labels can improve the effectiveness of the
proposed ResPL framework across both mono-
dialectal and multi-dialectal Arabic sarcasm classi-
fication under limited labelled data. In addition, the
generated rationales provide explicit explanations
for why a particular pseudo-label was assigned, of-
fering greater transparency into the pseudo-labels
generation process than label-only annotations. We
also observed that incorporating these reasoning-
based PLs may contribute to higher-quality super-
vision signals, although the precise mechanisms
behind these improvements require further inves-
tigation. Across the evaluated datasets, ResPL
outperformed the compared baselines, including
prior few-label methods for Arabic sarcasm detec-
tion. Future research could quantify how far the
framework’s gains survive substitution of an open-
weight reasoning teacher, explore more synthetic
data generation strategies, and investigate stronger
intermediate-learning approaches for few-label sce-
narios.



Limitations

Several limitations warrant consideration. First, Re-
sPL instantiates the teacher with GPT-03, a closed-
source model, which constrains reproducibility, im-
poses a one-off cost linear in /|, and excludes prac-
titioners without API access; we mitigate this by
releasing the complete Stage I output, all pseudo-
labels, rationales and theme assignments, together
with the fine-tuned student checkpoints, so that
Stages II and III can be reproduced and our re-
ported scores verified without a single API call.
Nothing in the framework requires a proprietary
teacher, and substituting an open-weight reason-
ing model is a drop-in replacement at the interface
level, though we did not run this substitution and
do not claim our gains would survive it, since Ta-
ble 4 shows rationale quality to be the component
to which the framework is most sensitive. Sec-
ond, our evaluation covers only Egyptian-dominant
and Saudi dialectal settings; Iraqi and Sudanese
varieties are absent, and because Arabic sarcasm
cues are frequently dialect- and culture-specific
(Appendix D), transfer to those varieties, and to
other low-resource languages, remains unassessed.
Third, the size of the theme inventory is delegated
to the teacher within a permitted range rather than
tuned, so we cannot report how sharply perfor-
mance depends on 7y. Fourth, all results come
from a single seed (0), fixed identically for ResPL
and every re-run baseline. Finally, we did not test
augmented or synthetic unlabelled data during the
incremental phase, and the framework remains text-
only, whereas social-media sarcasm is often carried
by images, emoji and quoted context.
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A Prompt templates
A.1 Reason-based PLs prompt template 1

A.1.1 For sarcasm datasets

System Prompt

You are an expert Arabic sarcasm classifier.
Return ONLY valid JSON of the form:
{"label": OI1, "reason": "concise justification"}

label 0 = not sarcasm, 1 = sarcasm.

A.2 Theming reasons prompt template 2

A.2.1 For sarcasm datasets

System Prompt

You are an expert in taxonomy design for NLP tasks.
Your job is to read a set of short “reasons” people gave
for labeling Arabic texts into sarcasm or not sarcasm,
and group those reasons into a compact, non-overlapping
set of THEMES.

¢ A theme = a group of semantically related texts.
¢ Aim for 8-20 themes (whatever is most natural).

* Themes must be mutually exclusive and collec-
tively exhaustive.
Return ONLY valid JSON matching this schema:
{

"themes": [

¢ "id”: "<INT>",
"name": "<SHORT TITLE>",
"description”: "<1-sentence
explanation>",
"example_reasons”: [
"<verbatim reason 1>",
"<verbatim reason 2>",
]
}
]
}

A.3 Student A BBM prompt template 3

System Prompt

<|text|> raw_text </s>

A4 Student B BBM prompt template 4

System Prompt

<|text|> raw_text </s> <|theme|> theme_name
</s>

B Baseline Models

PTMs Models: We conducted a comparison of
our framework with well-known publicly accessi-
ble language models such as BERT (Devlin et al.,
2019), DistilBERT (Sanh et al., 2020), and mBERT
(Devlin et al., 2018).

Arabic-PTMs Models: Our research also incorpo-
rated ArabicBERT. The models considered include
ArabicBERT (Safaya et al., 2020), AraBERTv2
(Antoun et al., 2020), AraBERT-Twitter (Antoun
et al., 2020), AlcLaMv2 (Ahmed et al., 2024),
CamelBERT-Mix (Inoue et al., 2021), CamelBERT-
MSA-Mix (Inoue et al., 2021), ARBERTV2 and
MARBERTV2 (Abdul-Mageed et al., 2021), Egy-
BERT (Qarah, 2024a), and SaudiBERT (Qarah,
2024b).

LLMs: We compared our ResPL framework with
fine-tuned LLMs using supervised fine-tuning
(SFT), recognising their effectiveness in manag-
ing complex tasks. For this purpose, we se-
lect AIAM-7B (Bari et al., 2025), LLaMA 3.1-
8B and LLaMA 3.2-1B-Instruct (Meta, 2024),
AceGPT (Zhu et al., 2024), Qwen-72B-instruct
(Team, 2024), and GPT-40 (OpenAl, 2025) as rep-
resentative models in our comparison.
Intermediate frameworks: To assess the perfor-
mance of our intermediate stage, we compared
our model’s results with those of Cluster & Tune
(Shnarch et al., 2022), IDoFew (Alsuhaibani et al.,
2024), and Flick (Almutairi et al., 2025), all of
which utilise an inter-training task.
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Dataset Stage Epochs LR BS
Student A 1 2 x 107° 8
Ar-Sarcasm _5
Student B 10 5x107° 8
, Student A 3 2x107° 64
Sa'7r s
Student B 20 3 x 10 64

Table 5: Hyperparameters for ResPL and all re-run base-
lines. Student A = pseudo-label fine-tuning; Student B
= classification fine-tuning. Both stages use the Adam
optimiser with seed 0. LR = Learning rate and BS =
Batch Size.

C Parameter settings

All ResPL experiments use ARBERTV2 as the
backbone and GPT-03 (OpenAl, 2025) as the
teacher reasoning LLLM for pseudo-label genera-
tion and theme extraction. For the non-reasoning
pseudo-label ablation, we additionally employed
GPT-3.5 Turbo (OpenAl, 2025) to generate pseudo-
labels without reasoning, allowing us to assess
the contribution of reasoning-based pseudo-label
generation. The two training stages, Student A
(pseudo-label fine-tuning) and Student B (classi-
fication fine-tuning) are run sequentially with the
Adam optimiser, a fixed random seed of 0, and
dataset-specific hyperparameters reported in Ta-
ble 5. All BBM, LLM baselines and SOTA re-runs
share the same per-dataset hyperparameters as Re-
sPL for a fair comparison; only rows marked %
retain their originally published training configura-
tions. LLLM baselines are fine-tuned on the same
100-1abel budget, where GPT-4o is fine-tuned over
the API, and the open-source LLMs are fine-tuned
locally.

D Error analysis

In our subsequent investigations, we conducted a
randomised sampling of 30 mislabelled observa-
tions. These misclassifications revealed distinct
patterns across various tasks and datasets. In the
sarcasm datasets: (1) Ar-Sarcasm and (2) Sa’7r, it
was observed that the smaller LLM frequently mis-
interpreted the use of metaphorical devices. This
confusion arises from the dual nature of metaphors,
which can serve as serious expressions intended to
clarify meaning or as devices employed to convey
sarcasm. Notably, there were instances where the
smaller LLM accurately predicted the correct label,
indicating potential issues in the annotation process
for certain observations. It is crucial to consider

that cultural differences in the expression of sar-
casm may contribute to these discrepancies, partic-
ularly as the Ar-Sarcasm dataset is predominantly
derived from Egyptian sources, while the Sa’7r
dataset is primarily based on Saudi contexts. More-
over, the lack of evident contextual clues makes
it challenging to accurately assess the intended
meaning, which is a critical factor in the annotative
process affecting classification outcomes. Further
analysis indicated that the smaller LLM encoun-
ters difficulties in differentiating between sarcastic
and non-sarcastic text within specific Arabic di-
alects, such as Saudi Arabic. In this context, words
commonly used in a religious context, like Text!:
Kally waed!, are sometimes applied to convey sar-
casm, which presents subtle cultural nuances that
the smaller LLM struggles to capture.

E Datasets statistics

We report dataset sizes and token statistics across
all splits in Tables 7-8.

1Text: “Praise and thanks be to God.”



ID Arabic Theme

English Translation

Ar-Sarcasm

I g e sl plaaal Direct hostility without sarcasm

2 Kl L @l sl ol ege Form-based tone markers

3 Laad!) olldly ol Genuine questions or requests

4 Jerall s Jsdly U Hyperbole and implausible exaggeration

5 Gl oK Pl e g Rl Sarcasm through meaning reversal

6 il 441 sl Literal and factual tone

7 PO sl plasel 4 Al Sarcasm through rhetorical questions

8 Bolall Labl j LY elall Genuine positive or emotional sentiment
Sa’7r

I Jesdls &l Hyperbole and exaggeration

2 by el 2l Explicit joking statements

3 Gl gl ;‘ el el Religious expressions or sincere gratitude

4 sale Lasly 5le ’ Neutral factual statement

5 (e sl Light-hearted and friendly humour

6 adl 50l ol Bl Sl 25 Tone markers or emojis

T ebgadl LasesSly ehrgud) datlall Dark humour / black comedy

Table 6: Examples of themes extracted by the teacher LLM for the sarcasm datasets. Arabic themes are shown with

English translations.

Split #Rows Tok. Mean Tok. Med. Tok.Max Tok. Total Word Mean Char Mean
Pseudo-Labeled 3958 50.67 41 175 200571 19.49 111.88
Real-Labeled 100 50.31 42 151 5031 19.87 113.85
Eval 3458 34.05 25 143 117751 14.27 79.59
Test 1186 34.59 26 181 41019 14.31 80.62
Table 7: Statistics of the Sa’7r dataset splits.
Split #Rows Tok. Mean Tok. Med. Tok. Max Tok. Total Word Mean Char Mean
Pseudo-Labeled 5905 66.50 68 182 392659 21.68 157.65
Real-Labeled 100 65.71 67 163 6571 21.50 154.83
Eval 2432 46.10 48 156 112109 14.80 104.04
Test 2110 45.63 47 135 96272 14.82 103.56

Table 8: Statistics of the Ar-Sarcasm dataset splits.



