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Abstract 

The NakbaVirality shared task involves multimodal virality prediction using 2,600 multilingual posts from X and 

Reddit. The researchers developed an architecture integrating XLM-RoBERTa and Vision Transformer (ViT) 

encoders with bidirectional cross-attention, proving superior to simple concatenation. By employing focal loss, class 

weighting, and layer-wise learning rate scheduling, the system achieved 0.6009 accuracy on the hidden test set. 

Keywords: Multimodal learning, Virality prediction, Bidirectional cross-attention, NakbaVirality, Conflict discourse. 

 

 

1 Introduction 

This research addresses multimodal virality 
during armed conflicts (Ezzini et al., 2026), where 
text and images jointly shape perception across 
three engagement buckets. The study tackles 
structured cross-modal dependencies (Zhao et 
al., 2024), severe class imbalance (Shen et al., 
2023), and cross-platform generalization gaps. 
The proposed model integrates XLM-RoBERTa 
(Conneau et al., 2020) and ViT (Dosovitskiy et al., 
2021) via bidirectional cross-attention (Vaswani et 
al., 2017) to dynamically reweight modalities. 

Key Performance Metrics: 

• Development Set: Weighted-F1 of 0.7432 
and Macro-F1 of 0.6845. 

• Hidden Test Set: Accuracy 0.6009, Macro F1 
of 0.498, ranking 4th among 29 teams (107 total 
submissions). 

The results demonstrate that while structured 
fusion and imbalance-aware optimization improve 
minority-class detection, measurable 
performance degradation on the test set 
highlights the difficulty of cross-platform 
generalization in dynamic socio-political 
environments. 

2 Related Work 

This section situates virality prediction at the 
intersection of network science, psychology, and 
NLP. We categorize previous research into 
content-based, network-based, and timing-based 
studies. 

2.1 Defining and Operationalizing Virality 

There is a lack of consensus on defining “virality.” 
We follow the precedent of Dogan et al. (2025), 
who used a Hybrid Score to normalize 
engagement. While models like ViralBERT 
achieved a 13% improvement in F1 by using text 
and user signals, they ignore visual content—a 
critical gap in conflict discourse where images 
carry high emotional weight. 

2.2 Multimodal Architectures for Virality 

Research shows that cross-attention 
mechanisms outperform simple fusion. We build 
on the Multi-Way Multi-Modal Transformer (MMT) 
and findings by Sanchez Villegas et al. (2024), 
which showed that explicit cross-modal attention 
can improve performance by up to 2.6 F1. 

2.3 Multilingual Representation and Class 
Imbalance 

XLM-RoBERTa is superior to mBERT for 
multilingual tweet-style text. We adopt Focal Loss 
and Flan-T5-based paraphrase augmentation to 
address the fact that high-virality posts occupy 
only the top 10% of the engagement distribution. 

2.4 Research Gaps and Our Contribution 

We identify three gaps: a lack of conflict-specific 
multilingual datasets, limited use of end-to-end 
bidirectional cross-attention, and a need for 
systematic treatment of class imbalance in virality 
tasks. 
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3 Dataset Details 

The study uses 1,691 multimodal samples from 
the NakbaVirality shared task. The goal is to 
classify posts into Low, Medium, and High Viral 
categories. The data is split with 15% reserved for 
internal validation. 

3.1 Class Distribution and Imbalance 

The dataset suffers from pronounced class 
imbalance, where “High Viral” is the minority. This 
skew biases models toward majority classes, 
requiring specific mitigation strategies. 

3.2 Multimodal Nature of the Data 

Content includes Arabic, English, and code-mixed 
text. We use OCR to extract text from images, 
concatenating it with post captions to enrich the 
input signal. 

3.3 Validation vs. Competition Test 
Performance 

A significant generalization gap exists: the model 
achieved 74.4% accuracy on internal validation 
but approximately 50% on the hidden test set, 
likely due to distributional shifts. 

4 Model Architecture 

The architecture uses a dual-encoder setup with 
a cross-attention fusion module and a three-layer 
classification head. 

4.1 Text Encoder 

Uses xlm-roberta-base to process multilingual 
input. The [CLS] token representation (dimension 
768) is extracted as the primary text feature 
vector. 

4.2 Image Encoder 

Uses ViT-B/16, which processes 224×224 images 
into 16×16 patches. The class token 
representation (dimension 768) serves as the 
global visual feature. 

4.3 Projection Layers 

Both encoders pass through linear layers, Layer 
Normalization, and GELU activation, aligning both 
modalities into a shared 768-dimensional space. 

4.4 Bidirectional Cross-Attention Fusion 

The fusion mechanism is the central contribution. 
Text (T) and image (V) features mutually condition 
each other via parallel 8-head Multi-Head 
Attention (MHA): 

T′ = MHA (Q=T, K=V, V=V) 

V′ = MHA (Q=V, K=T, V=T) 

The resulting vectors are concatenated into a 
1536-dimensional representatio and 
compressed back to 768 dimensions. 

 

 
Figure 1: Multimodal Cross-Attention 

Architecture. Dashed bidirectional arrows 
indicate cross-modal attention flow. 

 
 

 
Table 1: Architecture Component Summary 

 

Component Output Dim 

Text Encoder (XLM-R) 768 

Image Encoder (ViT-B/16) 768 

Projection Layers 768 

Cross-Attention (each) 768 

Concatenated Fusion 1536 

Compressed Fusion 768 

Classifier 768→384→192→3 

 

4.5 Validation Results 

The model achieves strong performance on the 
High virality class (F1 = 0.938), indicating effective 
cross-modal alignment. 

Table 2: Validation Performance Summary 
 

Metric Score 

Accuracy 0.7440 

Weighted F1 0.7432 

Macro F1 0.6845 

F1 – Low Viral 0.6920 

F1 – Medium Viral 0.5880 

F1 – High Viral 0.9380 
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5 Algorithms 

5.1 Text Preprocessing and Translation 

To unify Arabic, English, and code-mixed formats, 
a pipeline uses a heuristic-based detector and 
neural machine translation (Thakkar et al., 2024). 
A rule-based cleaner removes URLs and 
anonymizes user mentions. 

5.2 Image Preprocessing and 
Augmentation 

Images are resized to 224×224 pixels and 
normalized using ImageNet statistics. Training 
employs light stochastic augmentations, including 
random brightness and horizontal flipping. 

5.3 Data Augmentation for Class 
Imbalance 

Targeted augmentation is applied exclusively to 
the minority High Viral class: 

• Text: Flan-T5 paraphrasing generates 
semantically equivalent restatements. 

• Images: An aggressive pipeline varies 
brightness, contrast, rotation, and shearing. 

5.4 Focal Loss with Class Weighting 

The model addresses majority-class bias using 
Focal Loss: 

FL(pₜ) = −αₜ(1 − pₜ)ʳ log(pₜ) [γ = 2.0] 

Class weights αₜ are calculated inversely to 
frequency to amplify gradients for minority 
classes. 

 

 
Figure 2: Training and validation performance 

metrics across epochs. 

8 Architecture Illustration 

Figure 3 illustrates the overall architecture. Text 
inputs are encoded using XLM-RoBERTa, images 
through ViT. The resulting representations are 
fused and passed to a classification head to 
predict virality category. 

6 Experimental Design 

6.1 Training Configuration 

The model was trained for 20 epochs using a 
batch size of 16 on a single GPU with mixed-
precision. Early stopping with patience of 6 
epochs was employed. 

6.2 Evaluation Protocol 

Performance was measured using Accuracy, 
Macro F1, and Weighted F1. Macro F1 served as 
the primary optimization criterion. 

6.3 Analysis of the Generalization Gap 

The performance drop is attributed to 
distributional shift, data scarcity, and selection 
bias towards the validation set. 

7 Results 

Optimal model performance was reached at 
epoch 9, achieving 74.4% overall accuracy. 
Figure 2 plots training and validation metrics 
across epochs. 

 
 
 
 
 
 

 
Figure 3: Proposed multimodal architecture 

integrating XLM-RoBERTa (text) and ViT 
(image) with a fusion layer and classification 

head. 

9 Discussion & Conclusion 

The multi-modal approach is highly effective for 
identifying viral content. By fusing text, images, 
and OCR content, the model improves minority 
class detection and validates multi-modal learning 
for real-world conflict-monitoring tasks. The 
bidirectional cross-attention mechanism enables 
richer modality interaction than late fusion 
baselines, and imbalance-aware training 
substantially improves minority-class recall. 
Future work should address cross-platform 
distributional shift through domain adaptation or 
additional data collection. 
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