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Abstract

Arabic sentiment analysis is challenged by morphological complexity and lexical variation across Arabic dialects,
compounded by subjectivity in how speakers and writers express sentiment. In this paper, we present our sub-
mission for the AraSentEval 2026 Shared Task on Arabic Dialect Sentiment Analysis. We propose SARF (ufa)
a multi-view architectural framework that integrates surface-level context with stemmed and rooted morphological
perspectives using a shared MARBERTv2 encoder. Our system employs a hybrid BERT-CNN-BILSTM-Attention
architecture to capture both local sentiment n-grams and global sequential dependencies. Experimental results
show that while individual morphological normalization strategies (stemming or rooting) may degrade performance,
their joint integration via cross-morphological attention provides robust features across diverse dialects. Our final
system achieved a competitive macro-F1-score of 0.9263, ranking 2™ out of 15 participating teams.

Keywords: NLP, Sentiment Analysis, Arabic analysis

1. Introduction

The advent of social media has fundamentally al-
tered how individuals consume and produce in-
formation. Platforms such as X, Facebook, and
Reddit are hubs for highly opinionated content that
significantly influences public discourse. Similarly,
online reviews on e-commerce websites provide
personal insights and sentiments that drive con-
sumer decision-making. In NLP, sentiment analy-
sis is the task of polarity classification (where texts
are typically labeled as positive, negative or neu-
tral); sentiment analysis is treated as a core com-
ponent of the broader area called opinion mining
(Liu, 2012).

While sentiment analysis has been extensively
researched across various languages, English re-
mains the dominant focus due to its vast data
availability (cf. Joshi et al. 2020). Despite being
the fourth most used language on the web (Sal-
loum et al., 2017), Arabic continues to trail be-
hind English benchmarks in terms of state-of-the-
art (SOTA) performance. A primary reason for
this disparity is the prevalent use of informal Ara-
bic dialects in online communication. While Mod-
ern Standard Arabic (MSA) is the formal register
used in news, literature, and official documents,
there are at least 22 distinct regional dialects used
across the Arab world (Guellil and Azouaou, 2017).
Because users interact on social media in their na-
tive dialects rather than MSA, Arabic text analysis
presents distinct and substantial challenges for re-
searchers.

To address these challenges, the Seventh Work-
shop on Open-Source Arabic Corpora and Pro-

cessing Tools (OSACT7) organized a shared task
dedicated to Arabic Dialect Sentiment Analysis
(Ezzini et al., 2026). This competition involves
a multi-class classification challenge focused on
identifying sentiment within texts written in vari-
ous regional Arabic dialects. This task requires
developing robust systems capable of navigating
the substantial lexical and syntactic diversity found
across the Arab world. To complete this task,
we leveraged a state-of-the-art sentiment analysis
framework based on the work of He and Abisado
(2024). We extended this framework by intro-
ducing a novel architecture designed to incorpo-
rate morphological information specific to Arabic di-
alects (Prochazka, 2021), thereby addressing their
inherent linguistic complexity. Achieving a macro-
F1-score of 0.9263, Our proposed system ranked
2" out of 15 participating teams, demonstrating its
effectiveness in handling dialectal variation.

2. Related work

While task-based sentiment analysis often strug-
gles to generalize across domains or dialects (Shi
and Agrawal, 2025), this challenge is particu-
larly acute for Arabic, a highly context-sensitive
language where meaning and sentiment can
shift dramatically based on subsequent words or
phrases. Bidirectional transformer models, such
as BERT (Devlin et al., 2019), are naturally suited
to this problem, as they capture context from
both directions. This has been demonstrated in
Arabic NLP through unitask and multitask mod-
els like HULMoNA (ElJundi et al.,, 2019) and
ARABERT (Antoun et al., 2020). The practical ef-
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fectiveness of such approaches is underscored by
the 2021 Arabic Sentiment Competition at KAUST,
where all top-ranking teams utilized variants of
MARBERT (Abdul-Mageed et al., 2021; Alamro
et al., 2021).

Pontiki et al. (2016) introduced the SemEval-
2016 shared task on Aspect-Based Sentiment
Analysis (ABSA). This task featured a specific
track for Arabic hotel reviews, providing a dataset
highly relevant to our task. Given the thematic
overlap with our target domain, we leverage this
corpus to enhance our model’s training phase.

He and Abisado (2024) proposed a hybrid frame-
work incorporating BERT, CNN, and BiLSTM lay-
ers to mitigate the effects of polysemy and improve
feature representation. In their architecture, the
CNN component is utilized to capture local, spatial
features within the text, while the BiLSTM layer ex-
tracts global, sequential dependencies. We adopt
and extend this hybrid methodology to effectively
navigate the morphological and syntactic diversity
across the Arabic dialectal landscape.

3. Task Description and Dataset

The primary objective of this shared task on Ara-
bic Dialect Sentiment Analysis is to identify sen-
timent, categorized as positive, negative, or neu-
tral, in texts written in various Arabic dialects. This
problem is framed as a supervised multi-class clas-
sification challenge. Formally, given an input se-
quence S representing a sentence in a specific
Arabic dialect, the model is required to learn a map-
ping function f : S — Y. The label space Y is
defined as the set of sentiment categories:

Y = {positive, negative, neutral} (1)

The goal is to predict the most probable label § € Y
for each input S, formulated as:

§ = argmax P(y | 56) @

where 6 represents the parameters of the classifi-
cation model.

To facilitate the development of a robust classi-
fication model, the shared task utilizes the Multi-
Dialect-Sent (MDS-3) dataset. This corpus con-
sists of 3,000 sentences (1,731 in train set) an-
notated across three sentiment labels and covers
four major regional dialects: Saudi (SA), Jorda-
nian (JO), Moroccan (MA), and Egyptian (EG) (Al-
harbi et al., 2025c,a,b). The dataset was origi-
nally sourced from hotel reviews and subsequently
translated and verified by native speakers of each
respective dialect to ensure linguistic authenticity.
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Figure 1: SARF (,») Architecture: A multi-

view pipeline with shared MARBERTv2 encoder
and CNN/BILSTM dual-path.

4. Methodology

To develop a robust sentiment analysis system ca-
pable of addressing the dialectal nuances of Ara-
bic, our approach integrates an established state-
of-the-art (SOTA) framework with a novel architec-
tural extension. This design specifically targets the
inherent morphological and linguistic complexities
present across diverse Arabic dialects. In the fol-
lowing subsections, we provide a detailed descrip-
tion of these primary components and our overall
modeling strategy.

4.1. Cross morphological attention

We propose a multi-view architectural framework
that captures linguistic nuances by representing a
single input sentence through three parallel per-
spectives: the surface form, the stemmed form,
and the rooted form. This approach ensures that
the model maintains a balance between raw con-
textual semantics and underlying morphological
structures.

4.1.1. Multi-View Encoding

Each linguistic view is first tokenized and subse-
quently mapped to a high-dimensional space us-
ing a shared pretrained transformer encoder E(-).
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Category Precision Recall Fi-score
Dialect-Specific Ensemble System
Darija 0.902 0.902 0.902
Egyptian 0.889 0.889 0.889
Jordanian 0.970 0.970 0.970
Saudi 0.967 0.967 0.967
Overall
Ensemble System 0.9317 0.9317 0.9316
BERT-CNN-BILSTM 0.9429 0.9421 0.9425
BERT-CNN-BILSTM + Cross Morph. Attn 0.9398 0.9378  0.9388

Table 1: Performance of the Ensemble and BERT-CNN-BILSTM-Self-Attention system. Dialect Specific

results are using Ensemble system only.

Formally, let the input sequences be denoted as
X6 X6 and X() for the surface, stemmed,
and rooted views, respectively. The encoder gen-
erates contextualized representations as follows:

HG) = E(X(S)), Ht) — E(X(St)), H — E(X(’"))

3)
where each representation H() e R7*? corre-
sponds to a sequence of length 7" with hidden di-
mension d.

4.1.2. Morphological Interaction and Fusion

To capture the dependencies between surface-
level semantics and morphological abstractions,
we employ a cross-attention mechanism. Here,
the surface representation H(*) serves as the
query, while the stemmed and rooted representa-
tions act as key-value pairs. This allows the model
to align inflectional variations with their base forms:

HEY = Attn(H®), HD | HY) (4)
H® = Atin(H®), 7 H™) (5)
The resulting features are then integrated into a

unified representation H(/) through an element-
wise averaging operation:

U = % (HO + A+ AO) ()

4.2. BERT-CNN-BiLSTM

Building upon the framework of He and Abisado
(2024), our model processes the surface level fea-
tures H(®) and the morphologically enriched repre-
sentation H(/) through parallel feature extraction
pathways to capture both local and global linguis-
tic patterns.

4.2.1. Feature Extraction Pathways

The local features, Hj,..;, are extracted using a
Convolutional Neural Network (CNN). For a filter
W, and bias b, the operation is defined as:

Hipeal = ReLU(WC * H® + bc) (7)

Simultaneously, global sequential dependen-
cies are captured using a Bidirectional LSTM (BilL-
STM). The representation H ;.. is the concatena-

tion of the forward (7) and backward (%) hidden
states:

Hyiopat = [LSTM (HY)) @ LSTM(HD)]  (8)

4.2.2. Feature Fusion and Classification

The local and global features are subsequently
fused via concatenation to form a comprehensive
representation, Hiotar = [Hiocat ® Hgiobat]- This
composite vector is passed through a fully con-
nected layer to compute the final sentiment distri-
bution:

§ = Softmax(Wy.Hiotar + bye) 9)

where W, and by, are the learnable weights and
bias, respectively. The resulting output ¢ repre-
sents the probability distribution over the label set
Y = {positive, negative, neutral}, as illustrated in
the full pipeline in Figure 1.

5. Experimental Setup

We utilize the SemEval-2016 Arabic reviews
dataset, pre-training for 10 epochs and fine-tuning
for 7 at a reduced learning rate (1.24 x 10~?). Data
preprocessing is performed using PyArabic (Zer-
rouki, 2010), Tashaphyne (Zerrouki, 2012b),
and Qalsadi (Zerrouki, 2020, 2012a) to normal-
ize the text, and extracting surface, stem, and
root features. Our architecture employs a 128-
dimensional LSTM and a 200-filter CNN (kernels:
3, 4, 5) with 0.3 dropout, 0.02 weight decay, and a
batch size of 128 (8 for testing). The model is opti-
mized using AdamW with an initial learning rate of
1.24 x 10~*. Implementation details and the clean-
ing pipeline are available at GitHub.
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6. Results and Discussion

6.1. Performance Overview

We evaluated SARF () against several com-
petitive baselines, including an ensemble of SOTA
Arabic transformers (MARBERTv2, AraBERT, and
QARIB). As shown in Table 1, our hybrid BERT-
CNN-BIiLSTM approach achieved the highest per-
formance on the AraSentEval DEVELOPMENT set
with a macro-F1-score of 0.9425, outperforming
the ensemble system (0.9316).

6.2. Synergy of Morphological Views

Our normalization results (Table 4) confirm that
neither stemming nor rooting is a silver bullet in iso-
lation. Rooting alone tends to remove sentiment-
critical lexical nuances. However, the multi-view
approach of SARF (< »)-which aligns these
views via cross-attention—successfully captures
the stability of the root without losing the sentiment
of the surface form. This confirms that the interac-
tion between different morphological granularities
is essential for handling the noise inherent in di-
alectal Arabic.

6.3. Final Shared Task Results

The final performance of our system on the "blind”
test set provided by the ARASENTEVAL 2026 orga-
nizers is reported in Table 2.

Metric Value
Macro Precision 0.9262
Macro Recall 0.9262
Macro-F1 Score 0.9262

Balanced Accuracy 0.8941

Table 2: Final results on the AraSentEval 2026
Shared Task test set.

7. Error Analysis

A consistent observation across all tested models
and strategies was the significantly lower perfor-
mance on the Neutral label. To investigate the root
cause of this trend, we conducted a two-fold anal-
ysis: 1) a human re-annotation study of a sample
training data and 2) an examination of model pre-
dictions. The methodology for the re-annotation is
detailed in Appendix A.

7.1. Human Re-annotation and Label
Noise

Our first analysis focused on assessing the qual-
ity of the original ground-truth labels through two

distinct settings: Relaxed Setting: We analyzed
all samples re-annotated by our human experts,
regardless of the number of annotators per sam-
ple. Comparing these to the original training la-
bels, we calculated a moderate Cohen’s Kappa (x)
of 0.5360. Notably, of the 60 instances labeled
as Neutral in the original dataset, our annotators
re-classified 11 as Negative and 23 as Positive.
Strict Setting: We restricted the analysis to 68
samples where consensus was reached by more
than one annotator. In this setting, the inter-rater
agreement with the original labels dropped signif-
icantly to a low x = 0.2958. Among the 29 orig-
inal Neutral samples in this subset, 15 were re-
identified as Positive and 6 as Negative.

Sample Original Annotated

Label Label

sl s aadl JUaall (e o 8 Ol e @B se b (3238 A je Aada Neutral Positive
Laie Ua oslae e G5 gl
Good service, hotel in a good location near the local and

international airport in Andheri East, Mumbai, we have...

JOLE 4gd 5 3 gada 5 pkea Aaliw alaa Lesd OIS 5 AL e cailS Aalad)
Lol sd

The swimming was good; there was a small,
well-maintained pool with a waterfall in the middle

Neutral Positive

A LS (Lo sa 5 358 IS 5 g ye LAl (ol 3e JSYI AL e deaall
S 5 Bl oy

The service was good, the food was good, the rooms
were comfortable, and during our stay, we saw a
wedding at the hotel

Neutral Positive

Figure 2: Re-annotation of Hidden Positives.
These examples demonstrate how dialect-specific
positive sentiment (such as the use of x\ . for
good) was originally overlooked and labeled as
‘neutral’, but accurately captured in our new anno-
tations.

7.2. Model Prediction

Our error analysis suggests that the model inter-
nalized subjective, dialect-agnostic biases in the
shared-task annotations. On instances where our
re-annotations disputed the original labels, the
model memorized the incorrect human bias 46.9%
of the time, though its underlying pre-trained repre-
sentations demonstrated some robustness by gen-
eralizing correctly in 40.6% of these cases. Cru-
cially, this inherited noise disproportionately penal-
ized specific regional dialects: while the model
achieved moderate accuracy on the Jordanian
(66.7%) and Saudi (64.7%) subsets, its perfor-
mance degraded sharply to 44.4% on Darija. This
degradation is directly linked to an inherited safe
bias from the original annotators, where the model
most frequently misclassified both positive and
negative instances as Neutral (accounting for 86%
and 100% of their respective errors).

Figure 2 shows the original and new annota-
tions for a few samples. This discrepancy indi-
cates that the model’s suboptimal performance on
neutral text is likely due to false signals and label
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noise within the training data, rather than architec-
tural limitations.

8. Conclusion

In this paper, we described our submission to
the AraSentEval 2026 Shared Task on Arabic Di-
alect Sentiment Analysis. Our system, SARF
(). addresses the morphological complex-
ity of 4 regional dialects by integrating surface-
level context with stemmed and rooted views via a
cross-attention mechanism. By building a hybrid
BERT-CNN-BILSTM-Attention framework on top
of shared MARBERTv2 encoder, we successfully
captured both local sentiment n-grams and global
sequential dependencies. Our results demon-
strate that while individual morphological normal-
ization (rooting) can be reductive, a multi-view ap-
proach provides a robust representation that is in-
variant to dialectal noise. Furthermore, our error
analysis revealed significant label noise in the Neu-
tral class, suggesting that the current performance
ceiling in Arabic Dialect Sentiment Analysis may
be limited more by annotation consistency than by
model architecture. Our system ranked 2", indi-
cating that morphologically aware hybrid models
can be effective for low-resource, high-variance di-
alectal tasks.

9. Limitations & Ethical
Considerations

Limitations Our system faces three primary lim-
itations. First, the SARF () architecture re-
quires three parallel encoding passes (surface,
stem, and root), which triples the computational
overhead during inference compared to standard
Transformer models. This may limit scalability for
massive real-time streams. Second, our reliance
on the Qalsadi and Tashaphyne tools for root-
ing means that errors in the rule-based morpho-
logical analyzer can propagate through the cross-
attention layers. Finally, while we investigated four
major dialects, the model’s performance on more
localized or “deep” dialectal expressions (espe-
cially in the Maghrebi cluster) remains lower than
its performance on Levantine and Gulf dialects,
likely due to the linguistic distance from the MAR-
BERTv2 pre-training corpus.

Ethical Considerations Our error analysis
specifically identified a “safe bias” in the original
annotations that disproportionately mislabeled
Darija (Moroccan) expressions. We emphasize
that the systemic misclassification of specific
regional dialects can lead to linguistic exclusion in
Al-driven services. To mitigate this, we advocate

for the inclusion of native speakers from across
the Mashreq (é l1) and Maghreb (o 4l1) in future
annotation efforts. Our code and fine-tuned
weights are released for academic use to promote
transparency in dialectal NLP research.
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A. Annotation Methodology

To validate the quality of the original labels, we ran-
domly sampled 30 instances per dialect from the
training set. The re-annotation task was performed
by native speakers of the respective dialects, all of
whom were university students or graduates. The
annotator pool ranged in age from 22 to 50 years,
with a mean age of 29.

Dialect Pos Neg Neu
Moroccan (Darija) 17 5 5
Saudi 26 21 18
Jordanian 45 45 28

Table 3: Distribution of sentiment labels across the
re-annotated dialects.

A.1. Annotator Distribution and Data
Collection

The distribution of annotators was as follows: 11
for Jordanian, 5 for Saudi, 5 for Moroccan (Darija),
and 2 for Egyptian. Due to a lack of completed
responses from the Egyptian cohort, this dialect
was excluded from the subsequent analysis. Fol-
lowing the collection phase, the final re-annotated
dataset comprised 119 instances for Jordanian, 68
for Saudi, and 30 for Moroccan.
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A.2. Consensus and Analysis Settings

To determine the final labels for our study, we ap-
plied a majority voting scheme to each instance.
We then categorized the data into two analytical
settings:

* Strict Analysis: Only instances with two or
more annotations were considered to ensure
higher label confidence.

* Relaxed Analysis: All instances with at least
one expert annotation were included.

The resulting label distributions and a compari-
son with the original task labels are summarized in
Table 3.

B. Language-specific Normalization

As shows in Table 4, across both models, applying
stemming or rooting independently does not yield
consistent improvements over the baseline without
normalization. In particular, rooting alone leads
to a noticeable degradation in performance, indi-
cating that collapsing words to their morphological
roots removes sentiment relevant lexical distinc-
tions. Similarly, stemming alone shows marginal
differences relative to the baseline, suggesting lim-
ited added value in the presence of strong pre-
trained representations. In contrast, combining
stemming and rooting consistently improves per-
formance for both MARBERT and MARBERTv2.
These findings suggest that multi-granularity mor-
phological normalization allows the model to ben-
efit from dialect-level grouping via roots while
preserving surface-level and contextual informa-
tion necessary for sentiment discrimination.

Setup Macro-F1 Accuracy Macro Precision Macro Recall
MARBERT
No stem, no root 0.8658 0.8719 0.8692 0.8656
Stem only 0.8627 0.8686 0.8645 0.8626
Root only 0.8522 0.8587 0.8544 0.8527
Stem + root 0.8762 0.8818 0.8766 0.8770
MARBERTv2
No stem, no root 0.8838 0.8884 0.8840 0.8850
Stem only 0.8822 0.8876 0.8849 0.8819
Root only 0.8813 0.8868 0.8822 0.8815
Stem + root 0.8951 0.9000 0.8959 0.8951

Table 4: Cross-validated performance on AraSen-
tEval Validation-dataset under different normal-
ization strategies.
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