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Abstract

This work presents our system for MAHED
2025 Task 1, which focuses on classifying Ara-
bic text into Hope Speech, Hate Speech, or Not
Applicable. Our approach combines dialect-
aware contextual embeddings with pragmatic
features—including speech acts, irony detec-
tion, and emotion cues—to capture the nuanced
ways in which hope and hate are expressed
across diverse Arabic varieties. We also em-
ploy targeted data augmentation to improve ro-
bustness in underrepresented categories. Exper-
imental results show that incorporating speech
act and emotion information significantly en-
hances detection performance. This approach
allowed us to secure the fifth place in the offi-
cial ranking' out of 60 participants, 25 of whom
appeared on the final leaderboard, with a macro-
F1 score of 0.7010. Our results are promising
and mark a first step towards speech-act-aware
hope/hate detection for Arabic social media.

1 Introduction

Online hate speech poses serious challenges glob-
ally, eroding social cohesion and enabling marginal-
ization. In the Arabic-speaking world, these
challenges are exacerbated by the rich tapestry
of dialects—such as Egyptian, Levantine, Gulf,
Maghrebi—and the frequent use of figurative lan-
guage, such as irony, that makes automated detec-
tion especially complex.

While Arabic hate speech detection has received
considerable attention—with resources such as
the ADHAR multi-dialect corpus providing richly
annotated datasets across both Modern Standard
Arabic and major regional dialects, facilitating
high-performance classification systems (Charfi
et al., 2024)—research on Arabic hope speech
detection remains limited compared to other lan-
guages. Prior research on hope speech has explored
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a range of perspectives, from peace-oriented dis-
course (Palakodety et al., 2019) to multilingual
detection for promoting inclusion (Chakravarthi,
2020). Other works have examined expressions of
regret and past-oriented hope (Balouchzahi et al.,
2023), and the expression of wish in products re-
views and political discussions (Goldberg et al.,
2009). Building on these prior works, the CDB
model (Da Silva et al., 2025) introduces a more
fine-grained and linguistically grounded classifi-
cation of hope through counterfactual, desire and
belief.

More recently, the EmoHopeSpeech dataset was
introduced, a bilingual resource annotated for both
emotions and hope speech in English and Ara-
bic, offering fine-grained emotional labels and lin-
guistic variety for deeper analysis (Zaghouani and
Biswas, 2025). Additionally, the emergence of
innovative computational frameworks has further
advanced the study of hope speech: for instance,
recent methods leverage emotion-aware modeling
to better distinguish hope expressions from neu-
trality or negativity, However, these approaches
remain relatively unexplored in the context of Ara-
bic hope/hate speech detection, and have largely
focused on emotions alone (Badawi, 2025).

Building on these insights, the MAHED 2025
Shared Sub-Task1 (Zaghouani et al., 2025) presents
an opportunity to jointly study hope and hate
speech within a unified framework that accounts
for Arabic linguistic variation and rich emotional
subtleties. In this work, we extend prior emotion-
based approaches by newly incorporating addi-
tional pragmatic features—most notably speech
acts and irony—alongside emotion categories (e.g.,
anger, sadness, joy, love). Our system combines
dialect-aware transformer embeddings with these
pragmatic and affective cues, supported by targeted
data augmentation to improve robustness for under-
represented dialects and classes.

Our model achieves a strong F1 score of 0.7010,
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Table 1: Distribution of the MAHED dataset across
training, validation, and test splits, showing the balance
of classes for Subtask 1 (hope, hate, and not applicable).

securing fifth place in the official MAHED ranking.
In the following sections, we detail our methodol-
ogy, highlight the impact of speech-act and emo-
tion features, and discuss avenues for advancing
hope/hate detection in Arabic social media.

2 Task Overview

MAHED 2025 Task 1 focuses on classifying Ara-
bic social media posts into three categories: hope,
hate, or not applicable. The input consists of raw
Arabic tweets, encompassing both Modern Stan-
dard Arabic (MSA) and various dialects. The out-
put is a single categorical label. For instance:

1. "Wy J@ﬁ Mis ol e " (Together, we
can build a better future for our children.) — hope

2. "5 a2k ot 05ty pesal o2l 5 (AllIm-
migrants are thieves and criminals who should be
expelled immediately.) — hate

3. "oy e p s 98 5dl" (Today is a sunny and
beautiful day.) — not applicable

Dataset Details. The MAHED 2025 dataset for
sub-task 1 comprises 9,843 annotated instances,
divided into training, development, and test sets as
shown in table 1.

All instances were collected from public social
media platforms, anonymized, and annotated by na-
tive speakers, ensuring a Cohen’s Kappa agreement
greater than 0.85.

3 System Description

Our system for the MAHED2025 shared task builds
upon our previous work on exploiting language
models for Arabic text classification (Moudjari
et al., 2021; Moudjari and Benamara, 2025). In
this section, we detail the preprocessing pipeline,
data augmentation strategies, and feature integra-
tion methods used in our approach.

3.1 Data Augmentation

The MAHED train dataset exhibits a notable class
imbalance (see Table 2), with both the hate and
hope categories significantly underrepresented. To

hope | hate not applicable | Total Train Dataset hope | hate | notapplicable | Total

. MAHED 1,892 | 1,301 | 3,697 6,890
Train-set 1,892 | 1,301 ,697 s > > > >

— 89 30 3,69 6,890 MAHED+subtasks2 1,892 | 1,604 | 3,697 7,193

Validation-set | 409 261 806 1 ,476 MAHED+MLMA 1,892 | 2,730 | 3,697 8319

Test-set 422 287 768 1,477 MAHED+Synthetic 3,226 | 1,301 | 3,697 8,224

MAHED+MLMA+Synthetic | 3,226 | 2,730 | 3,697 9,653

Table 2: Statistics of the original MAHED train dataset
and its augmented variants across the hope, hate, and
not applicable classes.

mitigate this imbalance and improve model robust-
ness, we implemented targeted data augmentation
strategies for these classes.

Hate Class Augmentation. We augmented the
hate speech data by incorporating additional anno-
tated instances from two sources:

* MAHED+subtasks2: 303 hate-labeled exam-
ples were extracted from the second sub-task
MAHED: Emotion, Offensive Language, and
Hate Detection.

* MAHED+MLMA: 1,428 samples annotated
with direct offensive and hateful sentiment
labels were retrieved from the MLMA dataset
(Ousidhoum et al., 2019).

Hope Class Augmentation. Due to the scarcity
of publicly available Arabic hope speech datasets,
we generated synthetic hope speech data using the
ChatGPT-40 language model. By providing in-
context examples from the MAHED dataset, we
generated 1,334 additional hope-labeled instances
designed to preserve domain relevance and linguis-
tic characteristics. The newly augmented dataset is
hereafter referred to as MAHED+Synthetic.
We instructed the model to generate several hun-
dred Arabic texts covering a wide range of di-
alects—including Gulf, Egyptian, Maghrebi, and
Levantine—and supplemented this with dedicated
runs producing several hundred instances for each
individual dialect to ensure balanced representa-
tion. For each run, we provided dialect-specific
examples to guide generation (Figure 1 illustrates
the prompts used).

We further combined the newly added inputs
from MAHED+MLMA and MAHED+Synthetic
to create MAHED+MLMA +Synthetic.

3.2 Enriching Datasets with Pragmatic
Features

To provide richer input representations, we auto-
matically augment the original MAHED dataset
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You are a language model that generates Arabic/Golf/Maghrebi/Egyptian/Levantine/diverse dialectal social
media comments expressing hope, optimism, and encouragement. Below are several tweets examples labeled as
"hope" from the MAHED dataset. Please create new, original texts that are similar in style, tone, and dialect

Examples:

Generate 10 new hope speech messages in Arabic.

diversity. Avoid copying exact sentences. Focus on messages that inspire positivity, peace, and solidarity.

b el 55 Laall 505 085 Y 4 Josds 1853 ulel 5.5 Al asd Il oot Dlals o5 iy 2aale o3 L (1

@ sl aSluis (8 candy il $d 0l 090 askums Ol S LT el S5 Jamig el o ules ¥ (3

g%s);ciol'iiyu;ﬂGéisjﬂI&gaﬁgaJl
aioliais (2
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Figure 1: Prompt design for data generation. The prompts guided the model to produce diverse, dialect-rich hope
speech texts, ensuring both stylistic variation and balanced representation.

and its augmented variants with emotion, irony,
and speech act labels. The emotion and irony an-
notations follow the configuration described in our
previous work (Moudjari and Benamara, 2025) and
are detailed in this section, while the speech act
annotations follow Benamara et al. (2024). Ap-
pendix A provides further details on the datasets
used for each annotation type (emotion, irony, and
speech acts). Throughout the remainder of this pa-
per, we denote each dataset d (either MAHED or
one of its augmented variants) enriched with emo-
tion, irony, and speech act features as demo, dirony-
and dgact, respectively.

Emotion Detection. We fine-tuned the AceGPT
model (Huang et al., 2024) on the Sem18yisA +Mixed
dataset (Mohammad et al., 2018), which consists
of Arabic tweets annotated for eleven emotions
(anger, disgust, fear, joy, sadness, etc.). Although
the prompting was done in MSA, the dataset itself
contains both MSA and various dialectal forms,
offering a rich and diverse training resource for
emotion classification.

Irony Detection. For irony detection, we fine-
tuned the same model on the IDATMsA+Mixed
dataset (Ghanem et al., 2019), which consists of
Arabic tweets labeled for binary irony classifica-
tion (ironic vs. non-ironic). Similar to the emotion
dataset, it includes a mix of MSA and dialectal va-
rieties, enabling robust evaluation across linguistic
registers.

Speech Acts. Following our previous work
(Benamara et al., 2024), we employed the
arabertv@2-twitter model (Antoun et al., 2020),
fine-tuned on the ArSAS ;544 arizeqd dataset (El-
madany et al., 2018), to predict the underlying com-
municative function of each tweet. The model clas-

sifies speech acts into four categories: Subjective,
Assertive, Interrogative, and Jussive — correspond-
ing in Arabic t0: _gsose 5T, s, and 4,
respectively. ) ) ) )

3.3 Model Architecture

Our final architecture builds on
arabertve2-twitter,? a BERT-based model
pretrained on a large corpus of Arabic tweets and
adapted to the challenges of social media text,
including dialectal variation, orthographic incon-
sistency, and noisy user-generated content. We
fine-tuned this model for multi-class classification
on the MAHED dataset and its augmented variants
(see Table 2). The input text is tokenized and fed
into the base model, and class probabilities are
produced through a softmax output layer. Training
is performed using weighted cross entropy, with
early stopping based on the development set F1
score. We train the model for three epochs with
a learning rate of 2e — 5, employing the Adam
optimizer with an epsilon value of 1le — 8. The
batch size is fixed at 16 for training and 128 for
validation.

21t is worth noting that during the development phase, we
submitted several runs using alternative embedding models,
including CAMeL-Lab/bert-base-arabic-camelbert-msa,
CAMeL-Lab/bert-base-arabic-camelbert-mix,
SI2M-Lab/DarijaBERT, and SI2M-Lab/DarijaBERT-mix,
as well as Arabic-centric large language models
such as FreedomIntelligence/AceGPT-v2-8B and
FreedomIntelligence/AceGPT-v2-8B-Chat. No-
tably, the AceGPT models gave results similar to
bert-base-arabertve2-twitter. Nevertheless,
bert-base-arabertv@2-twitter proved to be the most
effective model in our experiments, and thus we focus our
reported results on this model.
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3.4 Feature Integration

We explored several strategies for integrating prag-
matic cues into the model:

Token-level Augmentation: The most effec-
tive approach was to append the predicted emotion,
irony, and speech act labels directly to the raw
input text prior to tokenization. This method con-
sistently yielded the best performance across our
experiments.

Separate Embedding Channels: We also ex-
perimented with multi-channel architectures, pro-
cessing the original text and the additional cues in
parallel before merging their representations. How-
ever, this approach did not lead to performance
gains; in fact, it resulted in a ~ 2% drop in valida-
tion accuracy compared to token-level augmenta-
tion.

Normalised Log Feature Scaling: Since the
direct insertion of categorical features into text was
the most effective, we also experimented with a
numeric encoding pipeline for these cues — first
normalising label values (z-score), then scaling to
[0, 1], and finally applying a log transformation
(normallLog). While this representation was nu-
merically well-behaved and closer to direct token
insertion in terms of accuracy, it did not outperform
the plain token-level augmentation approach.

4 Results and Discussion

For all experiments, we used the official MAHED
2025 training set and its augmented version for
model fitting and the development set for hyperpa-
rameter tuning and model selection. The results
reported in Table 3 correspond to performance on
the test set as evaluated on the Codabench platform.
The final system submitted to the shared task was
chosen based on its macro F-score during the de-
velopment phase, then retrained on the full training
data and evaluated by the organizers on the official
test set to produce the leaderboard score.

Table 3 presents the experimental results ob-
tained on the MAHED dataset and its augmented
variants. Overall, the results show that augmen-
tations incorporating emotion cues (_emo) and
speech acts (_SActs) generally improve perfor-
mance over the baseline. The best-performing
configuration, MAHED+MLMA+Syntheticgy
reached a macro F-score of 0.7014, outperforming
both our MAHED baseline (0.6400) and the offi-
cial BERT baseline (0.5300). In contrast, adding

Test Dataset F-score
ShardTask baseline 0.5300
Our baseline 0.6400
MAHEDg 0.7000
MAHEDj; oy 0.6900
MAHEDg ¢ 0.7010%*
MAHEDe0+irony 0.6800
MAHEDSAct+em0+irony 0.6900
MAHED+subtasks2 0.6200
MAHED+MLMA 0.6900
MAHED+Synthetic 0.6800
MAHED+MLMA +Synthetic 0.6900
MAHED+MLMA+Syntheticen,, | 0.7007
MAHED+MLMA+Syntheticjrony | 0.6934
MAHED+MLMA+Syntheticsac: | 0.7014
Table 3: Macro F-scores of

bert-base-arabertv@2-twitter fine-tuned on
the MAHED dataset and its augmented variants.
The score marked with * corresponds to the official
leaderboard submission, for which full precision is
available. Bolded scores indicate newly obtained runs.

Dataset hate hope not applicable
Our baseline 0.6643 | 0.5392 | 0.7081
MAHED;, 0.703 | 0.6611 | 0.7237
MAHEDsA 0.7038 | 0.669 | 0.7297
MAHED+MLMA+Syntheticem, | 0.7078 | 0.6757 | 0.7187
MAHED+MLMA+Syntheticsac | 0.7094 | 0.6635 | 0.7314

Table 4: Class-wise macro F-scores for the baseline
and top-performing augmented configurations on the
official MAHED 2025 test set. Scores are reported for
each class (hate, hope, and not applicable) along with
the overall macro F-score.

irony features did not yield consistent gains—either
in isolation or in combination with other fea-
tures—suggesting possible redundancy or the in-
troduction of noise in certain configurations. This
outcome can be attributed to the fact that, upon
inspection, we found that over 95% of the inputs in
the file were labeled as non-ironic.

Table 4 presents class-wise macro F-scores for
the best-performing configurations, alongside our
baseline system. In addition to the overall macro F-
score, we report separate scores for the hate, hope,
and not applicable classes. This breakdown allows
us to assess whether specific augmentations, such
as emotion or speech act features, offer balanced
improvements across all categories or dispropor-
tionately benefit particular classes. Emotion fea-
tures seem especially beneficial for improving the
hope class, while speech acts give more balanced
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improvements across classes, particularly boosting
hate and not applicable. To assess whether the ob-
served performance differences between models
are statistically meaningful, we conducted McNe-
mar’s tests on paired classification outputs. Results
revealed no significant differences among most
top configurations, except for MAHEDg4; over
MAHED+MLMA+Syntheticg,; (p = 0.0322 us-
ing McNemar’s test), see Appendix Section B for
more detailed on these tests.

These findings underscore the importance of
pragmatic and affective cues—particularly emo-
tion and speech act information—in detecting hope
and hate speech in Arabic social media.

5 Conclusion

We presented an approach to hope and hate speech
detection for Arabic social media, leveraging
dialect-aware contextual embeddings, pragmatic
features (emotion, irony and speech act), and
targeted data augmentation. Our results show
that dialect sensitivity and augmentation substan-
tially improve performance across Arabic vari-
eties, and that incorporating affective and prag-
matic cues—especially speech acts—yields further
gains. These findings underscore the importance
of modeling both linguistic diversity and commu-
nicative intent in fine-grained content moderation.
Future work will explore contrastive learning to
better disentangle hope and hate in the embedding
space, as well as cross-task transfer from sentiment
and stance datasets to enrich affective representa-
tions and enhance generalization.
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Limitations

While our system demonstrates improved perfor-
mance in detecting hope and hate speech across
Arabic dialects, several limitations remain. First,
the reliance on synthetic data—particularly for the
under-represented hope class—introduces a risk of
distributional mismatch between generated and nat-
urally occurring texts. Second, our augmentation

process covered only four major dialect families;
smaller regional varieties remain underexplored.
Third, pragmatic features such as irony and speech
acts were derived from automatically predicted la-
bels, which may propagate upstream errors into the
final classification. Finally, our experiments were
limited to the MAHED dataset, and generalizabil-
ity to other genres (e.g., spoken discourse, formal
writing) remains to be validated. Future work will
address these issues by expanding dialectal cover-
age, improving the robustness of feature extraction,
and testing cross-domain applicability.
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A Datasets

Sem18 ;544 1rized (Mohammad et al., 2018): We
use the Emotion Classification (E-C) subset from
the SemEval-2018 Task 1 “Affect in Tweets” chal-
lenge®. This dataset contains tweets collected in
2017 and manually annotated into 11 emotion cat-
egories: Anger, Anticipation, Disgust, Fear, Joy,
Love, Optimism, Pessimism, Sadness, Surprise, and
Trust.

IDAT y/5 A+ Mized (Ghanem et al., 2019): This
dataset comprises tweets on various political issues
and events in the Middle East from 2011 to 2018.
The tweets are written in Modern Standard Ara-
bic (MSA) as well as Egyptian, Gulf, Levantine,
and Maghrebi dialects, and each tweet is manually
labeled as Ironic or Not-Ironic.

AYSAS 54+ Mized (Arabic Speech-Act and
Sentiment Corpus of Tweets): is a manually anno-
tated dataset comprising over 21,000 Arabic tweets
drawn from diverse dialects and topics. Each
tweet is labeled with one of six speech-act cate-
gories—Assertion, Expression, Recommendation,
Question, Request, and Miscellaneous—as well as
one of four sentiment labels: Positive, Negative,
Neutral, or Mixed.

B Statistical Significance Analysis

Comparison p-value
MAHEDg, vs MAHEDgA ¢ 0.3173
MAHED+MLMA+Synthetic,,,, vs MAHED+MLMA+Syntheticg,., | 0.1416
MAHED, vs MAHED+MLMA+Synthetic,,, 0.3173
MAHEDgu« vs MAHED+MLMA+Syntheticg, 0.0322

Table 5: McNemar’s test p-values comparing top-
performing configurations. Statistically significant re-
sults (p < 0.05) are in bold.

To assess whether the observed differences were
statistically significant, we conducted McNemar’s
tests between the top configurations. The com-
parisons between MAHED,,, and MAHEDgx¢
(p = 0.3173), as well as between their augmented
counterparts MAHED+MLMA+Synthetic,,,, and

3https ://huggingface.co/datasets/
SemEvalWorkshop/sem_eval_2018_task_1
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MAHED+MLMA+Syntheticg,, (p = 0.1416),
did not yield significant differences, indi-
cating comparable performance. Simi-
larly, the difference between MAHEDpo
and MAHED+MLMA+Synthetic,,, was
not significant (p = 0.3173). However,
the comparison between MAHEDga and
MAHED+MLMA+Syntheticg, ., showed a sta-
tistically significant improvement (p = 0.0322),
suggesting that dataset augmentation benefits
speech act—enriched models more consistently.
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