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Abstract
This paper presents our submission to the AdabEval 2026 shared task on Arabic politeness classification and
pragmatic category prediction. We explored a range of Arabic-specific and multilingual transformer models and
integrated their outputs through an ensemble strategy. Our approach achieved state-of-the-art performance in the
shared task, ranking first in both subtasks with a macro-F1 score of 0.89 and an accuracy of 0.93 on subtask A, and
a macro-F1 score of 0.58 on subtask B. Although our approach delivered high performance on overall politeness
classification, pragmatic category prediction remains more challenging. Despite achieving the top ranking in this
subtask, the comparatively lower macro-F1 score suggests that modelling fine-grained pragmatic functions requires
further methodological refinement and experimentation.
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1. Introduction

Politeness is a fundamental aspect of human com-
munication, shaping how speakers express respect,
mitigate imposition, and maintain social harmony.
In Arabic, politeness is deeply embedded in cul-
tural and linguistic norms, where speakers employ
honorifics, plural forms of address, kinship terms,
prayers, and respectful expressions to convey so-
cial relationships and interpersonal attitudes. Auto-
matic detection of politeness in Arabic social media
is important for various applications such as content
moderation and generation, sentiment analysis, di-
alogue systems, and conversational AI. However,
most of the computational work on politeness has
focused on English, with limited resources and re-
search available for Arabic (Priya et al., 2024).

The AdabEval 2026 shared task (Alqifari et al.,
2026) addresses this gap by introducing a large-
scale annotated dataset of Arabic social media
posts labelled for politeness and pragmatic func-
tions, enabling systematic evaluation and compar-
ison of computational approaches. The shared
task comprises two subtasks: (A) politeness classi-
fication, which involves classifying text into polite,
neutral, or impolite categories, and (B) category pre-
diction, which requires identifying one or more prag-
matic functions, such as criticism, insult, respect,
prayer, or greeting. These tasks present unique
challenges due to the diversity of Arabic dialects, in-
formal writing styles, the brevity and limited contex-
tual information characteristic of social media texts,
and culturally grounded expressions of politeness.
In this paper, we describe the GHAD (Y 	

«) NLP
team’s submission to the AdabEval 2026 shared
task. Our approach leverages pretrained Arabic

and multilingual transformer models fine-tuned for
politeness classification and combines them using
an ensemble strategy. Pretrained language models
capture rich contextual and semantic information,
making them particularly effective for pragmatic
and sociolinguistic tasks. We explore multiple sys-
tem configurations and investigate the impact of
preprocessing strategies, training objectives, and
model architectures. Our approach ranked first
in both subtasks, attaining a macro-F1 score of
0.89 and an accuracy of 0.93 on subtask A, and a
macro-F1 score of 0.58 on subtask B, highlighting
its effectiveness.

Our contributions can be summarised as follows:

• we propose a transformer-based ensemble for
Arabic politeness classification;

• we design a MARBERT-based multi-label
framework with label-specific threshold opti-
misation;

• we conduct extensive experiments demonstrat-
ing state-of-the-art performance on both sub-
tasks.

2. Background

2.1. Task Definition
The AdabEval 2026 shared task focuses on auto-
matic detection of politeness and pragmatic func-
tions in Arabic social media posts. The challenge
consists of two subtasks, each addressing a differ-
ent dimension of the classification challenge.

Subtask A: Politeness Classification. This sub-
task is formulated as a multi-class classification
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problem. Given an Arabic text, the system must
classify it into one of three politeness levels: Po-
lite, Neutral, or Impolite. The goal is to capture the
overall politeness expressed in the text.

Subtask B: Category Prediction. This subtask
is formulated as a multi-label classification prob-
lem. Each text may express one or more pragmatic
functions reflecting culturally grounded politeness
strategies. The goal is to predict all applicable cat-
egories from a predefined set of nine categories:
Criticism, Insult, Disparagement, Prayers, Greet-
ings, Admiration, Respect, Felicitation, and Hospi-
tality & Generosity. Examples of polite expressions
include prayers and asking for permission, while
impolite expressions include insults or criticism.

2.2. Dataset Description
The dataset, released as part of the AdabEval
2026 shared task and made available on Cod-
abench,1 consists of Arabic social media posts
collected from four sources: Companies platforms,
Shein, YouTube, and X. More details about the data
sources as well as the collection and annotation
processes can be found in (Al-Khalifa et al., 2026a).
The dataset contains a total of 7,928 instances
distributed across multiple files corresponding to
different subtasks and data splits (Table 1).

For subtask A (Politeness Classification), the
dataset includes a training set containing 4,895
instances and a validation set containing 693 in-
stances. For subtask B (Category Prediction), addi-
tional training and validation files focusing on polite
and impolite instances were provided, containing
2,049 and 291 instances, respectively.

Each training and validation file contains three
columns: Sentence, which represents the input
text of Arabic social media posts; Source, indicat-
ing the platform from which the text was collected
(Companies, Shein, YouTube, or Tweet); and label,
corresponding to the ground-truth annotation of the
politeness level (Polite, Neutral, or Impolite).

For subtask B, the dataset provides eight ad-
ditional columns that encode pragmatic annota-
tions. These columns are grouped into four pairs,
each consisting of a category label and its corre-
sponding supporting keyword(s). The fields crite-
ria1–criteria4 indicate the assigned pragmatic cate-
gories, while keywords1–keywords4 provide lexical
evidence supporting each category assignment.
This design enables multi-label annotation, where
a single text may be associated with up to four
pragmatic categories.

After the development phase, the test sets were
released for final evaluation. The subtask A test

1https://www.codabench.org/
competitions/11955/

set contains 1,406 instances with two columns
(Sentence and Source), with ground-truth labels
withheld for blind evaluation via the leaderboard.
The subtask B test set includes 588 instances with
three columns (Sentence, Source, and overall la-
bel), while the fine-grained category labels were
withheld to ensure blind evaluation.

The dataset reflects informal Arabic language
usage across different social media platforms and
includes modern standard Arabic and dialectal Ara-
bic. The diversity of sources introduces variation in
linguistic style, politeness strategies, and pragmatic
expressions, making the task particularly challeng-
ing. Furthermore, linguistic phenomena found in
social media posts such as slang usage, short texts,
emoji use, and sarcasm pose additional challenges
for accurate classification.

2.3. Task Challenges
Politeness detection in Arabic presents several chal-
lenges. First, Arabic exhibits rich morphological
variation, which increases lexical diversity and com-
plicates modelling. Second, social media texts of-
ten contain dialectal variations, spelling inconsisten-
cies, and informal expressions. Third, politeness is
a pragmatic phenomenon that depends on cultural
norms and contextual interpretation, making it more
difficult to capture using purely lexical features. Fi-
nally, some texts may express multiple pragmatic
functions simultaneously, requiring models capable
of handling multi-label classification.

2.4. Related Work
Politeness detection has been widely studied in
computational linguistics, primarily focusing on En-
glish (Al-Khalifa et al., 2026a). Early work relied on
handcrafted linguistic features, including politeness
markers, lexical cues, and syntactic structures, to
identify politeness strategies (Danescu-Niculescu-
Mizil et al., 2013). These approaches were limited
in their ability to generalise across domains.

Recent advances in pretrained language models
have significantly improved performance across
various NLP tasks. BERT (Devlin et al., 2019)
and its variants have achieved state-of-the-art re-
sults in text classification, sentiment analysis, and
pragmatic inference. These models learn contextu-
alised representations that capture semantic and
syntactic information, making them well-suited for
politeness detection.

For Arabic, several pretrained transformer mod-
els have been developed to address the linguistic
complexity and morphological richness of the lan-
guage. AraBERT (Antoun et al., 2020) was one of
the first pretrained BERT models specifically de-
signed for Arabic. MARBERT (Abdul-Mageed et al.,
2021) further improved performance by training on

https://www.codabench.org/competitions/11955/
https://www.codabench.org/competitions/11955/
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Subtask Split Neutral Polite Impolite
A Train 3,664 (74.85%) 815 (16.65%) 416 (8.50%)

Valid 519 (74.89%) 115 (16.59%) 59 (8.51%)
Total 4,183 (74.86%) 930 (16.64%) 475 (8.50%)

B Train - 1,338 (65.30%) 711 (34.70%)
Valid - 190 (65.29%) 101 (34.71%)
Total - 1,528 (65.30%) 812 (34.70%)

Table 1: Distribution of politeness labels across the training and validation splits.

large-scale Arabic social media data, making it par-
ticularly effective for informal and dialectal Arabic.
CAMeLBERT (Inoue et al., 2021) introduced a suite
of pretrained models trained on diverse Arabic cor-
pora, demonstrating strong performance across
multiple downstream tasks.

Despite these advances, politeness detection in
Arabic remains relatively under-explored due to the
lack of large annotated datasets (Al-Khalifa et al.,
2026a). This gap persists even in multilingual ef-
forts, such as (Srinivasan and Choi, 2022), which
constructed a large-scale politeness dataset across
multiple languages but did not include Arabic. Con-
sequently, prior Arabic NLP research has predomi-
nantly focused on related tasks such as sentiment
analysis (Al Motairi and Hadwan, 2024), offensive
language detection (Mubarak et al., 2021; Albal-
awi and Yafooz, 2025), and hate speech detection
(Alhazmi et al., 2024).

One of the few studies addressing politeness
classification in Arabic is (Al-Khalifa et al., 2024).
The authors investigate the effectiveness of trans-
fer learning and large language models (LLMs)
for politeness classification in Arabic social media
text. Using a manually annotated dataset of 500
tweets from X, they compare fine-tuned Arabic lan-
guage models (MarBERT and CamelBERT) with
LLMs (GPT-4o-mini, Cohere Command, and JAIS
30B Chat) under zero-shot and few-shot prompting
settings. The findings indicate that LLMs, partic-
ularly JAIS, outperformed the fine-tuned models,
achieving an F1-score of 70.87%. The study is
further extended in (Al-Khalifa et al., 2026b), which
introduces a larger dataset comprising 10,000 an-
notated samples and evaluates a broader range
of models. Among these, MARBERT achieved
the best overall performance, with an accuracy of
0.9119 and a macro-F1 score of 0.8582, outper-
forming all other evaluated models.

3. System Overview

3.1. Subtask A: Politeness Classification

We experimented with multiple transformer-based
models, including multilingual models (XLM-R
and XLM-R Large) and Arabic-specific models

(CAMeLBERT, MARBERTv2, ARBERTv2, and
GATE AraBERT v1). These models were fine-
tuned individually on the provided training data to
predict the politeness label.

To improve robustness and performance, we
employed a weighted soft-voting ensemble that
combines class-probability outputs of the individual
models. Specifically, for an input text, each model
produces a probability distribution over the polite-
ness classes. Each distribution is multiplied by a
predefined weight, and the weighted probabilities
are summed across models. The final prediction
is obtained by selecting the class with the highest
combined probability.

The model weights were determined using a grid
search on the validation set. Candidate weights
ranging from 0.0 to 1.0 (with increments of 0.1)
were evaluated under the constraint that their sum
equals 1 (3,003 combinations). For each weight
combination, we computed the macro-F1 score on
the validation set, and the configuration achieving
the highest macro-F1 score was selected for the
final system.

The optimal weight configuration was: MAR-
BERTv2 (0.20), CAMeLBERT (0.10), AraBERTv2
(0.20), XLM-R (0.10), and XLM-R Large (0.40). The
GATE AraBERT v1 model was assigned a weight
of 0.0 and was therefore excluded from the final
ensemble.

3.2. Subtask B: Category Prediction

Our approach consists of three main stages:
data preprocessing and normalisation, MARBERT-
based multi-label classification, and threshold-
based post-processing.

3.2.1. Data Cleaning and Normalisation

We applied a comprehensive preprocessing and
normalisation pipeline to improve data consistency
and reduce noise in Arabic social media text. First,
we removed Arabic diacritics and elongation char-
acters (tatweel), which do not contribute to seman-
tic meaning but increase lexical variability. We then
normalised orthographic variants of Arabic letters
to a canonical form, including mapping different
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Figure 1: Overview of the proposed systems for the AdabEval 2026 shared task. The top pipeline
shows the ensemble-based approach for politeness classification (Subtask A), while the bottom pipeline
illustrates the MARBERT-based multi-label classification with threshold optimisation for pragmatic category
prediction (Subtask B).

forms of Alef (
�
@ ,


@ , @


) to a standard Alef ( @), convert-

ing Yeh variants ( 
ø ,ø) to (ø


), normalising Waw

variants ( 
ð) to (ð), and converting Teh Marbuta ( �è)
to Heh ( è). These transformations reduce sparsity
caused by orthographic variation.

To address informal writing and exaggerated ex-
pressions common in social media, we removed
character elongation by collapsing repeated charac-
ters into a single instance (e.g., 	àððñ 	

®º
�
K → 	

àñ
	
®º

�
K).

We also removed URLs and user mentions, which
do not contribute to pragmatic classification and
may introduce noise. Finally, whitespace was nor-
malised by removing extra spaces and ensuring
consistent token separation.

In addition to text normalisation, we standardised
pragmatic category annotations using a predefined
mapping to canonical label names. The dataset
contained variations in category labels due to dif-
ferences in formatting, bilingual annotation (Ara-
bic and English), and inconsistent spacing. We
mapped all variants of each category to a sin-

gle normalised label (e.g., “Thanks & gratitude
- 	
àA
	
J
�
JÓB@ ð Qº

�
�Ë@” and “ 	àA 	J�JÓB@ ð Qº

�
�Ë@” were both

mapped to Thanks_and_gratitude). When a direct
mapping was unavailable, fallback normalisation
rules were applied to extract the canonical English
label and convert it into a consistent token format.

These preprocessing and normalisation steps
improved label consistency, reduced vocabulary
sparsity, and enhanced model performance by pro-
viding cleaner and more uniform input representa-
tions.

3.2.2. Model Architecture

Our system is based on MARBERT (Abdul-Mageed
et al., 2021), a pretrained transformer model de-
signed for Arabic social media text. MARBERT is
built on the BERT architecture and trained on large-
scale Arabic social media corpora, making it well
suited for capturing informal language patterns and
pragmatic cues. Given an input text x, MARBERT
produces a contextualised representation, which is
passed through a linear classification layer to gen-
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erate logits for each category. Since subtask B is a
multi-label classification task, we apply a sigmoid
activation function independently to each category
to produce probability scores.

3.2.3. Training and Threshold Optimisation

The MARBERT model (Abdul-Mageed et al., 2021)
was fine-tuned on the provided training data using
the HuggingFace Transformers library. During infer-
ence, the model outputs probability scores for each
pragmatic category. To convert these probabilities
into binary predictions, a decision threshold must
be defined. Instead of using a fixed threshold (e.g.,
0.5), we optimise label-specific thresholds on the
validation set.

Specifically, for each category, we select the
threshold that maximises its F1-score. This choice
is motivated by the fact that threshold selection di-
rectly controls the trade-off between precision and
recall, which significantly impacts classification per-
formance (Lipton et al., 2014). Since the official
evaluation metric is macro-F1 and the dataset is
imbalanced across categories, optimising thresh-
olds with respect to F1 is particularly appropriate
(Sokolova and Lapalme, 2009).

Prior work has shown that tuning decision thresh-
olds to maximise F1-score is effective in both bi-
nary and multi-label classification settings (Lipton
et al., 2014). Therefore, we adopt per-label thresh-
old optimisation to better capture category-specific
characteristics.

3.2.4. Post-Processing and Prediction

At inference time, the model produces probability
scores for each pragmatic category. We convert
these scores into binary predictions using the opti-
mised label-specific thresholds obtained from the
validation set. A category is predicted if its proba-
bility exceeds the corresponding threshold.

This approach allows the model to account for
differences in label distribution and classification
difficulty across categories, particularly for low-
frequency classes.

4. Experimental Setup

4.1. Data Splits
For subtask A, during the development phase, we
augmented the training data by combining the train-
ing sets from subtask A and subtask B, as well as
the validation set from subtask B. This strategy in-
creased the amount of available training data and
improved model generalisation. The validation set
from subtask A was reserved exclusively for hyper-
parameter tuning, model selection, and ensemble
weight optimisation.

For the final submission, we trained the models
using the combined training and validation data
from both subtask A and subtask B. The official
subtask A test set, with hidden labels, was used for
evaluation through the shared task leaderboard.

For subtask B, we followed the official dataset
splits provided by the shared task organisers. The
training set was used for model training, the valida-
tion set was used for hyperparameter tuning and
threshold optimisation, and the test set was used
for final evaluation.

4.2. Implementation Details
All experiments were implemented using the Hug-
gingFace Transformers framework (Wolf et al.,
2020) and PyTorch. We used pretrained trans-
former models that were fine-tuned on the provided
dataset using GPU acceleration.

We used consistent training settings across all
transformer models to ensure fair comparison and
stable optimisation. The number of training epochs
was determined separately for each model using
early stopping based on validation performance.

All models were fine-tuned using the Hugging-
Face Transformers library with the AdamW opti-
miser and cosine learning rate scheduling. Mixed-
precision training (FP16) was enabled when GPU
resources were available to improve training effi-
ciency. Tables 5 and 6 in the Appendix summarises
the training hyperparameters used in our experi-
ments.

4.3. Evaluation Metrics
The official evaluation metric used for leaderboard
ranking is the macro-averaged F1-score. This met-
ric assigns equal weight to each class or category,
regardless of its frequency, making it particularly
suitable for imbalanced datasets. Macro-averaged
F1-score provides a balanced assessment of sys-
tem performance across all politeness levels and
pragmatic categories.

5. Results

Our systems achieved first place in both subtasks,
demonstrating the effectiveness of transformer-
based ensembling and MARBERT-based multi-
label classification for Arabic politeness detection.

5.1. Subtask A: Politeness Classification

5.1.1. Validation Performance

Tables 2 and 3 present the validation performance
of the individual transformer models and their en-
semble. Among individual models, GATE AraBERT
v1 achieved the highest macro-F1 score of 90.76%
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and an accuracy of 85.59%. CAMeLBERT and AR-
BERTv2 also achieved strong performance, with
macro-F1 scores exceeding 90%. The ensemble
further improved overall performance by leverag-
ing the complementary strengths of the individual
models, resulting in improved robustness and gen-
eralisation compared to single-model approaches.

Model Macro-F1 Accuracy
MARBERTv2 89.61 84.34
CAMeLBERT 90.91 85.37
XLM-R 88.74 80.21
XLM-R Large 88.46 81.84
ARBERTv2 90.04 84.92
GATE AraBERT v1 90.76 85.59
Ensemble 91.63 87.19

Table 2: Validation performance for subtask A.

Model Neutral Polite Impolite
MARBERT 0.93 0.83 0.77
CAMeLBERT 0.94 0.86 0.76
XLM-R 0.93 0.82 0.65
XLM-R Large 0.92 0.84 0.70
ARBERT 0.93 0.84 0.78
GATE AraBERT v1 0.94 0.84 0.79
Ensemble 0.94 0.84 0.83

Table 3: Per-category validation F1-scores for sub-
task A.

5.2. Subtask B: Category Prediction

5.2.1. Validation Performance

We evaluated our MARBERT-based approach on
the validation set to optimise classification thresh-
olds. The optimal threshold was determined
through a grid search to maximise macro-F1 score.
We optimised decision thresholds separately for
each category using the validation set. The optimal
threshold for each category was selected to max-
imise its individual F1-score. This per-label thresh-
old optimisation resulted in a macro-F1 score of
0.728 on the validation set.

Table 4 presents per-category F1-scores on the
validation set. Performance was strongest on fre-
quent categories such as gratitude, greetings, and
prayers. The lower performance on categories
such as hospitality was primarily due to limited train-
ing examples.

6. Conclusion

In this paper, we presented our systems for the
AdabEval 2026 shared task on Arabic politeness
detection and pragmatic category prediction. Our

Category Per-label threshold F1-score
Gratitude 0.10 0.898
Greetings 0.10 0.875
Prayers 0.10 0.839
Respect 0.10 0.794
Insult 0.30 0.789
Admiration / Love 0.10 0.716
Criticism 0.15 0.641
Hospitality 0.10 0.000

Table 4: Per-category validation F1-scores for sub-
task B.

approaches leveraged pretrained transformer mod-
els and ensemble learning to capture linguistic and
pragmatic features in Arabic social media text.

For subtask A, we developed a weighted soft-
voting ensemble combining multilingual and Arabic-
specific transformer models. Our approach
achieved a macro-F1 of 0.89 and 0.93 accuracy on
the official test set, ranking first among all partici-
pants. The results demonstrate the effectiveness
of ensemble learning in leveraging complementary
strengths of diverse pretrained models.

For subtask B, we proposed a MARBERT-based
multi-label classifier with validation-based thresh-
old optimisation and post-processing. It achieved a
macro-F1 of 0.58 on the official test set, also rank-
ing first among all participants. The strong perfor-
mance highlights the importance of domain-specific
pretrained models and threshold optimisation for
Arabic pragmatic category prediction.

Our results show that pretrained transformer
models provide a robust framework for Arabic po-
liteness detection, particularly when combined with
ensemble techniques and threshold optimisation.
However, performance on rare categories remains
challenging due to limited training data.

In future work, we plan to explore data augmen-
tation techniques, larger pretrained models, and
instruction-tuned language models to further im-
prove performance, particularly for low-resource
pragmatic categories. We also aim to investigate
more advanced multi-label learning approaches
and prompt-based methods for pragmatic analysis.
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9. Appendix

9.1. Hyperparameter Configuration
Details

Parameter value
Max sequence length 256
Tokeniser AutoTokeniser from pre-

trained model
Data collator DataCollatorWithPadding
Batch size (train) 8
Batch size (eval) 16
Gradient accumulation 2
Effective batch size 16
Learning rate 3× 10−5

Epochs Up to 15 (early stopping)
Optimiser AdamW
Weight decay 0.01
Warmup ratio 0.06
LR scheduler Cosine
Mixed precision FP16 if CUDA available
Threshold optimisation Argmax (no threshold

tuning)

Table 5: Configuration for subtask A.

Parameter Value
Max sequence length 192
Tokeniser AutoTokeniser from pre-

trained model
Data collator DataCollatorWithPadding
Batch size (train) 10
Batch size (eval) 10
Gradient accumulation 1
Effective batch size 10
Learning rate 2× 10−5

Epochs Up to 50 (early stopping)
Optimiser AdamW
Weight decay 0.01
Warmup ratio 0.06
LR scheduler Linear (default Hugging-

Face)
Mixed precision FP16 if CUDA available
Threshold optimisation Validation-based grid

search

Table 6: Configuration for subtask B.
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