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Abstract
This paper describes a submission to Track B of the StanceNakba Shared Task on Arabic cross-topic stance de-
tection in the political domain. We investigate LLM-based data augmentation, auxiliary training objectives including
contrastive and multi-task learning, zero-shot prompting, and a preliminary terminology-based clustering approach.
Our final system, based on MARBERTv2 with dialect-aware LLM-based augmentation, achieved 86% macro-F1 on
the blind test set and ranked 3rd out of 10 teams. Our results show that dialect-aware augmentation substantially
improved performance in a low-resource Arabic stance detection setting, while not all auxiliary objectives or
clustering-based strategies yielded consistent gains. We release our code at https://acr.ps/1L9B9Tw.
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1. Introduction

Stance detection concerns the automated identi-
fication of the position expressed in an input text
towards a specified target idea, object, or propo-
sition (Somasundaran and Wiebe, 2010; Moham-
mad et al., 2016). Stance favor, against, and neu-
tral labeling differs from sentiment analysis as it
also concerns the relationship between the text
and the specified target (Mohammad et al., 2016;
Alturayeif et al., 2024). This makes stance nu-
anced and sensitive to targets where opinions may
be implicit or sarcastic.

Stance detection plays an important role in an-
alyzing public opinion and political polarization
and can complement traditional surveys and polls
(Küçük and Can, 2020). It can be formulated as
either single-target, where one separate model is
trained per target, or multi-target, where a uni-
fied model takes the target as part of its input
and learns jointly across several targets (Sobhani
et al., 2017; Xu et al., 2018).

This paper describes our submission to Track
B of the StanceNakba Shared Task (Aldous et al.,
2026), which focuses on Arabic cross-topic stance
detection for the normalization with Israel (Topic 1)
and refugee presence in Jordan (Topic 2) topics.
We build upon the shared task baseline system
and make the following contributions.

• We explore data augmentation strategies and
identify an effective approach.

• We investigate auxiliary training objectives, in-
cluding contrastive and multi-task learning.

• We conduct a preliminary study of
terminology-based clustering using stance-
specific embedding centroids.

• We evaluate zero-shot prompting as a
training-free alternative.

Our best performing system, based on MAR-
BERTv2 (Abdul-Mageed et al., 2021) with dialect-
aware LLM-based data augmentation, achieved
88.7% macro-F1 on the validation set and 86%
on the blind test set, ranking 3rd out of 10 teams.
Our results show that dialect-aware augmentation
substantially improved performance, while not all
augmentation, auxiliary objectives, or clustering-
based strategies yielded consistent gains. We fur-
ther analyze the interaction between contrastive
learning and data augmentation using effective
rank analysis.

2. Background: Setup and Dataset

Track B focuses on Arabic cross-topic stance de-
tection. Given a social media post and an asso-
ciated topic, the model predicts a pro, against, or
neutral stance label.

The dataset, subset of MARASTA (Charfi et al.,
2024), provides 1,205 Arabic posts covering
Topic 1: (Normalization with Israel) and Topic
2: (Refugee/Immigrant Presence in Jordan). Ta-
ble 1 presents example samples. Table 2 summa-
rizes the distribution across the training and devel-
opment subsets. The relatively small size of the
dataset, combined with Arabic dialectal variation
and rich morphology, increases model generaliza-
tion difficulty.

3. Related Work

Stance detection was formalized in the target-
specific setting in SemEval-2016 (Mohammad
et al., 2016), and later extended to multi-target and
multi-task settings (Sobhani et al., 2017; Xu et al.,
2018; Li and Caragea, 2021).

https://acr.ps/1L9B9Tw
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ID Sentence Topic Label

1 ؜ٷ؇ ৖৑ ި෠ຬ ඔ൹اܳأݠاڢ٭ ܾዛኡأ ปฃஓ஄وا ඔ൹ڣܹފޚ ݆݁ اَ؇
I am from Palestine, and I hope Iraqis come to us.

Topic 2 Pro

6 ુળ݁أ ّޚٴ٭ؕ ݁؇ڣ٭۬ ુળߺࠊڢ༡ ོྡྷލژ ان ሌᇿا ّݱ٭ۜިن ިܳ Մ៰Ղوا
Even if you shout until your throats dry, there will be no normalization with you.

Topic 1 Against

26 ඔ൹ل اܳފިر ඔ൹٪ۏఈዳዧ ሒᇃرد৙৑ا ا௰௯௫ࡗࡲ ߌ߳ور ا৙৑ردن ሒᇭ ᄭᄟوᄴᄟا ଫଃݿڰ
The country’s ambassador to Jordan visits the Jordanian camp for Syrian refugees.

Topic 2 Neutral

Table 1: Sample excerpts of instances from the Track B training dataset.

Topic Label Train Dev Topic total

Norm. w/ Israel
Pro 120 26

491Against 139 29
Neutral 145 32

Refugees in Jordan
Pro 166 36

533Against 159 34
Neutral 114 24

Total 843 181 1,024

Table 2: Track B label distribution by topic for the
training and development datasets.

Arabic stance detection remains relatively under-
resourced, though recent efforts have expanded
datasets and modeling approaches. The MAWQIF
dataset (Alturayeif et al., 2022), used in StanceE-
val 2024 (Alturayeif et al., 2024), includes stance
along with sentiment and sarcasm labels. The win-
ning system incorporated multi-task learning and
contrastive loss objectives (Badran et al., 2024).
ArabicStanceX later introduced a larger multi-topic
dataset for Arabic stance detection (Alkhathlan
et al., 2025).

4. System Overview

Our system is based on fine-tuning an encoder
LLM for stance detection. We explored four di-
rections to improve performance: (1) data aug-
mentation, (2) auxiliary training objectives, (3)
terminology-based clustering, and (4) zero-shot
prompting. We provide a concrete algorithmic
walkthrough for each component.

4.1. Data Augmentation
We explored LLM-based augmentation strategies
to increase data diversity, improve generalization
and compensate for the limited size of the data.

Counterfactual Stance Augmentation We
used Gemini 2.5 Flash Lite (Google, 2025b) to
generate counterfactual variants of each train-
ing sample. For every instance labeled as pro,
against, or neutral, the model generated two
additional variants corresponding to the remaining

stance labels while preserving the topic and
applying minimal edits.

External Data Augmentation We incorporated
data from an internal benchmark on politically
sensitive topics.1 For Topic 1, we used
Palestine/Israel-related data, and for Topic 2,
refugee/immigration-related data, then expanded
them with Gemini 2.5 Flash Lite while preserving
topic and stance labels.

Dialect-Aware Augmentation We used Gemini
3 Flash Preview (Google, 2025a) to generate para-
phrased versions of each training sample. For
each training instance, the model generated three
paraphrases while strictly preserving both stance
and topic. The prompt enforced dialectal consis-
tency: dialectal samples remain dialectal, MSA
samples remain MSA, and mixed samples remain
mixed. This increased lexical diversity while pre-
serving the original data distribution.

4.2. Auxiliary Training Objectives
In addition to data augmentation, we experimented
with modifying the training objective.

Contrastive Learning We combined super-
vised contrastive loss using L2 distance (Hadsell
et al., 2006) with cross-entropy loss:

Ltotal = LCE + λLcontrastive, λ = 0.1.

The contrastive term encourages samples with the
same stance to have closer embeddings while sep-
arating different stance classes.

Multi-Task Learning We explored multi-task
learning (Ruder, 2017) using LLM-generated sar-
casm and sentiment labels. We used Gemini 2.5
Flash Lite to produce the auxiliary annotations,
and the model was trained with three classifica-
tion heads using uncertainty-based loss weighting
(Cipolla et al., 2018).

1https://acr.ps/1L9F2Dn
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Hyper‐parameter Value

Maximum sequence length 512 tokens
Train batch size 32
Learning rate 2.0× 10−5

Number of epochs 10 (30 with augmented
data)

Warm‐up ratio 10%
Weight decay 0.01
Optimizer AdamW

Table 3: Training hyper‐parameters used for model
fine-tuning.

Preliminary Terminology-Based Clustering
aims to characterize the stance towards a topic
with specific terms and entities. A domain ex-
pert could define stance-indicative terminology
and use it to infer stance. We investigated an
automatic construction alternative.

For each topic and stance label, we collected 10
representative articles and embedded them using
Qwen3 8B embeddings (Zhang et al., 2025). We
computed a centroid embedding for each stance
group. Due to limited experimentation we ex-
cluded this promising method from our submission,
and we plan to further explore it in future work.

4.3. Zero-Shot Prompting
We evaluated zero-shot prompting with Gemini 2.5
Flash Lite (Google, 2025b), prompting it to predict
pro, against, or neutral given the topic while ac-
counting for sarcasm and dialect.

5. Experimental Setup

In this section, we describe the data preprocess-
ing, training configuration, and evaluation protocol
we followed.

Data Preprocessing We applied standard Ara-
bic normalization: removing diacritics, tatweel ,(ـ)
URLs, mentions, and hashtag symbols; normaliz-
ing whitespace; and unifying common character
variants such as alef ا) آ إ ,(أ alef maqsura ,(ى) and
taa marbuta .(ة)
Training Configuration All models were trained
for 10 epochs, or 30 with augmented data, using a
maximum sequence length of 512 and batch size
32. Full hyperparameters are listed in Table 3.

Models We trained AraBERT v0.2-base (Antoun
et al., 2020) as the baseline provided by the or-
ganizers, and evaluated MARBERT v2 (Abdul-
Mageed et al., 2021). We adopted MARBERT , as

it outperformed AraBERT , in our subsequent ex-
periments.

Models were trained using HuggingFace Trans-
formers (Wolf et al., 2020) and we used PyTorch
Metric Learning (Musgrave et al., 2020) for the con-
trastive loss function. For data augmentation and
zero-shot prompting, we used the OpenRouter2

platform. Appendix A shows the version numbers
and URLs for all tools and libraries used.

Evaluation Models were trained on the official
training set, with augmented samples when appli-
cable, and evaluated using stratified 5-fold cross-
validation on the training data and the full devel-
opment set. We report macro-F1 as the primary
metric, along with macro precision, macro recall,
and accuracy. The model with the best develop-
ment set performance was selected for our final
submission.

6. Results

Table 4 reports performance on the training set us-
ing 5-fold cross-validation and on the development
set. We report macro precision, recall, F1, and ac-
curacy. Our submitted system achieved a macro-
F1 score of 86.0 on the blind test set as shown in
Table 5.

Backbone Model Comparison Replacing
AraBERT with MARBERT improved macro-F1 by
approximately 5.5 points on the development set.
This is likely due to better domain alignment, as
MARBERT was exclusively pretrained on Arabic
tweets, similar to the shared task data.

Effect of Contrastive and Multi-Task Learning
Adding contrastive loss improved MARBERT by
about 1.1 macro-F1 points, while multi-task learn-
ing with LLM-generated sarcasm and sentiment la-
bels reduced performance by about 1 point, likely
due to noise in the auxiliary annotations.

Effect of Data Augmentation Counterfactual
and external augmentation reduced performance
by about 1 macro-F1 point relative to MARBERT .
In contrast, dialect-aware augmentation yielded
the best results, improving macro-F1 by about 5.4
points and corresponding to our submitted system.
Combining it with contrastive loss reduced perfor-
mance by 2.8 points.

Zero Shot Prompting Gemini 2.5 Flash Lite
achieved a macro-F1 of 77.4 in the zero-shot set-
ting, approaching the baseline fine-tuned model
without task-specific training.

2https://openrouter.ai/
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Table 4: Performance comparison across different stance detection configurations on the training set
using 5-fold stratified cross-validation (CV), and on the development set (Dev). All metrics are Macro-
averaged except for Accuracy. Bold indicates best performance; underline indicates second-best perfor-
mance per metric and category. The final submitted system is highlighted.

ID Description Precision Recall Macro F1 Accuracy

CV Dev CV Dev CV Dev CV Dev

Overall Performance
1 Baseline (AraBERTv0.2) .795 .783 .791 .779 .791 .780 .791 .779
2 MARBERTv2 .819 .833 .812 .834 .812 .833 .814 .834
3 MARBERTv2 + Contrastive Loss .809 .848 .804 .843 .804 .844 .805 .845
4 MARBERTv2 + Multitask Learning .781 .830 .770 .821 .772 .823 .773 .823
5 MARBERTv2 + Counterfactual + External Aug. .977 .822 .976 .823 .977 .822 .976 .823
6 MARBERTv2 + Dialect-Aware Aug. .949 .888 .948 .887 .948 .887 .948 .889
7 MARBERTv2 + Dialect-Aware Aug. + Contrastive Loss .943 .861 .943 .859 .943 .859 .943 .861
8 Gemeni 2.5 Flash Lite + Zero Shot Prompting - .819 - .769 - .774 - .773
9 Qwen 3 8B + Clustering - .340 - .357 - .307 - .364

Topic 1: Normalization with Israel
6 MARBERTv2 + Dialect-Aware Aug. .927 .839 .926 .846 .926 .841 .925 .839
7 MARBERTv2 + Dialect-Aware Aug. + Contrastive Loss .917 .795 .920 .798 .918 .797 .917 .793

Topic 2: Refugees and Immigrants in Jordan
6 MARBERTv2 + Dialect-Aware Aug. .970 .933 .968 .933 .969 .933 .969 .936
7 MARBERTv2 + Dialect-Aware Aug. + Contrastive Loss .967 .930 .967 .920 .967 .924 .967 .925

System Macro-F1 (Blind Test)

MARBERTv2 + Dialect-Aware
Augmentation

.860

Table 5: Official blind test performance of our
submitted system to track B in the StanceNakba
shared task.

Terminology-Based Clustering The prelimi-
nary clustering approach performed substantially
worse than supervised models, achieving 30.7
macro-F1 on the development set. This indicates
that simple centroid-based clustering with limited
seed documents is insufficient for reliable stance
classification.

Topic Level Analysis Across configurations,
performance was consistently lower on Topic 1
than Topic 2. The highest macro-F1 on Topic 1
was 84.1, compared to 93.3 on Topic 2.

Error Analysis Most errors for the submitted
system on the development set occur between the
neutral and against classes (7 neutral samples
were predicted as against and 6 against samples
as neutral), while pro is more reliably detected.
For example, sarcastic or implicit posts such as
200اܳژ“ ଫଃިڣਐಸ ّأڎ اࠍ੆ܝި݁۬ ඔ൹ਊ಻ردఈዳዧ ᄩᄥ༲ފٺڰৎ৊ا ᄩᄟ؇اܳٴޚ ۋ٭ت ا৖৑ردن
لඔ൹؟! اܳފިر ඔ൹٪ۏఈዳዧ ᆇᅦܭ ”ڣݠݬ۬ (“Jordan, where unemploy-
ment is rampant among Jordanians, while the gov-
ernment promises 200,000 job opportunities for

Syrian refugees?!”; neutral classified as against)
are misclassified due to implicit stance expression.
These cases are inherently ambiguous, and some
neutral/against confusions may reflect plausible al-
ternative interpretations of the stance.

Combining dialect-aware augmentation with
contrastive loss degraded performance compared
to augmentation alone. We hypothesize that this
is related to dimensional collapse in contrastive
learning (Jing et al., 2022). To examine this, we
computed the effective rank of the learned repre-
sentations using RankMe (Garrido et al., 2023).
The submitted system achieved a RankMe score
of 3.18, while the model trained with augmenta-
tion and contrastive loss scored 1.70, a 46.5%
reduction. This suggests reduced diversity of
learned representations when contrastive learning
was combined with data augmentation.

7. Conclusion

We presented our submission to Track B of the
StanceNakba Shared Task (Aldous et al., 2026).
Our system based on MARBERTv2 with dialect-
aware LLM-based augmentation ranked 3rd on
the blind test set, showing that controlled dialect-
aware augmentation improves performance, while
auxiliary objectives did not consistently help. This
work is limited by the small dataset size and its re-
striction to two topics, which may affect general-
izability. In future work, we will evaluate the ap-
proach on broader datasets and further explore
clustering-based methods.
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in our experiments and their corresponding ver-
sions and URLs.
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