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Abstract

Social media virality significantly shapes public discourse during geopolitical conflicts, where emotionally charged
and multimodal content can rapidly gain widespread attention. However, most prior approaches rely on retrospective
engagement signals, limiting their usefulness for early prediction. Multimodal virality modeling in high-stakes Arabic
discourse remains largely unexplored. We introduce Nakba Virality, a shared task on multimodal virality classification in
conflict-related social media posts, organized as part of the NakbaNLP workshop at LREC 2026. The dataset consists
of 2,600 anonymized posts from X and Reddit collected after October 7, 2023, each including text, an associated image,
and normalized engagement labels. Participants must classify posts into low, medium, or high virality categories
using only textual and visual inputs. The task provides standardized splits, baseline systems, and evaluation using
macro-F1 and accuracy. NakbaVirality establishes the first benchmark for multimodal virality prediction in Arabic
high-stakes discourse and promotes research on contextual and multimodal modeling for early impact prediction.
The shared task attracted 18 participants, who contributed a total of 5 official test phase submissions.

1. Introduction rality prediction in high-stakes discourse remain
limited, particularly for Arabic. While Reddit-V (EI-
Social media platforms have become central to  amrany et al., 2025) introduced a dataset for pre-
information diffusion during geopolitical conflicts, = engagement virality prediction, it did not specifically
where emotionally charged narratives and sym-  target conflict-driven Arabic discourse.
bolic imagery can rapidly influence public discourse. The discourse surrounding the Nakba and re-
Understanding what makes content “go viral” has  lated regional discussions constitutes a high-impact
therefore attracted significant attention across com-  setting marked by historical references, polarized
putational social science and machine learning.  sentiment, and multimodal communication. In
Early studies showed that community structure and  such contexts, images often amplify textual rhetoric,
diffusion topology strongly influence cascade for- making multimodal alignment critical for predict-
mation and meme spread (Doerr et al., 2012; Weng  ing reach. Modeling this content requires captur-
et al., 2013; Cheung et al., 2016), while psycholog-  ing contextual and symbolic cues in Arabic, which
ical factors such as emotional intensity also con-  presents additional challenges including rich mor-
tribute to online sharing dynamics (Berger and Milk-  phology, dialectal variation, and code-switching.
man, 2012). More recent approaches incorporate ~ Furthermore, viral posts typically form a minority
multi-feature fusion and deep learning models to  class, requiring robust evaluation under class im-
forecast popularity using temporal and engagement  balance using metrics such as macro-F1 (Powers,
signals (Gao et al., 2021; Kowalczyk and Larsen, 2011).
2018; Xu and Qian, 2023; Zhang and Gao, 2024). To address these challenges, we introduce
However, these methods largely rely on retrospec-  NakbaVirality!, the first shared task on multi-
tive interaction patterns (e.g., early likes, retweets, = modal virality classification in Arabic high-stakes
diffusion graphs), which are unavailable at publica-  discourse. This shared task formed part of the

tion time. NakbaNLP Workshop at LREC 2026 (Jarrar et al.,
Advances in representation learning have sig- 2026). The presented dataset consists of 2,600
nificantly improved content modeling capabili- anonymized posts collected from X and Reddit after

ties. Transformer-based language models such ~ October 7, 2023. Each instance includes post text,
as BERT (Devlin, 2018) and multimodal architec- ~ an associated image, and normalized engagement
tures such as CLIP (Radford et al., 2021) enable  labels. Participants are required to classify posts
joint reasoning over textual and visual signals. Mul-  into low, medium, and high virality categories using
timodal fusion approaches have demonstrated im-  only textual and visual inputs. The task provides
provements in related tasks including misinforma-  standardized splits, baseline systems grounded in
tion detection and popularity prediction (Singhal
etal., 2019; Riis et al., 2020). Despite this progress, "NakbaVirality URL: https://ezzini.github.
publicly available benchmarks for multimodal vi-  io/Nakbavirality
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transformer and convolutional architectures, and
evaluation using macro-F1 and accuracy.

The shared task received strong engagement
from the global NLP community, with 18 participat-
ing teams in total and 5 unique final submissions
to the leaderboard. NakbaVirality establishes the
first benchmark suite for multimodal virality predic-
tion in Arabic high-impact discourse and promotes
research on contextual modeling, multimodal align-
ment, and early impact prediction in real-world so-
cial media settings.

2. Related Work

Foundations of Virality and Diffusion Model-
ing. Early research on virality prediction has em-
phasized structural and psychological drivers of
information diffusion. Prior studies have shown
that cascade topology, community structure, and
user susceptibility have strongly influenced meme
spread and rumor propagation (Doerr et al., 2012;
Weng et al., 2013; Cheung et al., 2016; Hoang
and Lim, 2016). Complementary work has demon-
strated that emotional intensity, sentiment, and so-
cial signaling have played a central role in driving
online sharing behavior (Berger and Milkman, 2012;
Tsugawa and Ohsaki, 2017; Mousavi et al., 2022).
Subsequent research has incorporated temporal
cascade features and engagement trajectories to
forecast popularity at early stages (Shamma et al.,
2011; Lu and Szymanski, 2018; Gao et al., 2021;
Xu and Qian, 2023). More recently, graph-based
and multi-task learning frameworks have modeled
virality jointly with rumor detection and user vulner-
ability analysis (Zhang and Gao, 2024; Esteban-
Bravo et al., 2024). However, these approaches
have largely relied on early interaction signals (e.g.,
retweets, likes, diffusion graphs), which have not
been available at publication time and therefore
have limited purely content-based early prediction.

Content-Based and Multimodal Virality Predic-
tion. To overcome the limitations of diffusion-
dependent models, a growing body of work has
focused on predicting virality from content alone.
Early NLP-based studies have explored lexical,
stylistic, and affective cues associated with viral
text (Guerini et al., 2011). Subsequent research
has proposed scalable content-based prediction
models for news and social media posts (Lu and
Szymanski, 2018; Kowalczyk and Larsen, 2018).
With advances in deep learning, transformer-based
approaches have been applied to virality prediction,
including RoBERTa-based models for news tweets
(Maldonado-Sifuentes et al., 2021) and user-aware
architectures such as ViralBERT (Rameez et al.,
2022). In the visual domain, attention mechanisms
and deep visual representations have been lever-
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aged to model video and image popularity (Biel-
ski and Trzcinski, 2018; Riis et al., 2020), while
multimodal frameworks have combined textual and
visual signals to improve performance in related
prediction settings (Singhal et al., 2019). More
recently, large-scale vision—-language pretraining
models such as CLIP have enabled joint multimodal
representation learning applicable to popularity and
virality modeling (Radford et al., 2021). Never-
theless, multimodal virality benchmarks have re-
mained limited, particularly beyond English and
outside general-domain social media contexts.

Large Language Models and Arabic Virality
Benchmarks. Recent work has begun to explore
large language models for content-based virality
prediction. In particular, Reddit-V has introduced a
benchmark for pre-engagement virality classifica-
tion and has evaluated zero-shot large language
models for predicting popularity without relying on
diffusion signals (El-amrany et al., 2025). Beyond
this effort, existing virality datasets and evalua-
tions have largely focused on English or general-
domain social media content, and have not specif-
ically addressed multimodal Arabic discourse in
conflict-driven settings. The proposed Nakba Vi-
rality shared task has aimed to fill this gap by es-
tablishing the first benchmark dedicated to multi-
modal, content-based virality prediction in Arabic
high-stakes discourse.

3. Data Collection and Selection (will
be enhanced)

NakbaVirality targets conflict-related posts pub-
lished after October 7, 2023 and pairs each text
with an associated image and engagement-derived
labels for multimodal virality classification. The data
collection pipeline is shown in Figure 1.

3.1.

Reddit platform. Data from Reddit were collected
from subreddits that include regular discussion of
Gaza/ Palestine and related topics. Data from each
subreddit was collected according to the same gen-
eral procedure: the subreddit was obtained (either
from a curated list, or from a predefined list as
a fallback); the posts within the subreddit that in-
cluded one or more keywords from a multilingual
list were searched; it was confirmed that each post
was within the scope of the collection; and then the
data from each relevant post that included at least
one image was collected from the post. For each
collected post, its identifier, name of its subreddit,
date/time of posting, and various basic statistics
associated with the post were collected. The image
itself and its metadata were also collected.

Sources and acquisition
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Figure 1: Data collection pipeline.

X platform. X data was collected through key-
word search on the platform. The X search platform
allows searches to be filtered by language. Con-
sequently, searches were performed with the key-
word list in each relevant language; search results
were collected and posted in separate datasets for
each language; and duplicates were removed to
ensure that every post is represented only once in
the dataset. The searches were filtered to include
only posts published between October 7, 2023 and
the present date. For each collected post, its iden-
tifier, text, date/time of posting, various statistics
associated with the post, and any media linked to
the post were collected.

3.2.

To make the dataset more relevant to multilingual
and multimodal analysis, posts must meet the fol-
lowing inclusion criteria:

Inclusion criteria

1. Topical relevance : The title and body of the
post on Reddit, or the tweet text on X, must
match at least one keyword from our inventory.

2. Multilingual signal : A post is retained if it
matches at least one term from our multilin-
gual keyword inventory. The corpus consists
mostly of English (60%) and Arabic (10%)
posts, with other languages including Farsi,

ar

Other

Figure 2: Language distribution of the collected
posts in NakbaVirality.

Hebrew, Spanish, and Turkish comprising the
remainder. Figure 2 reports the language dis-
tribution of the retained dataset.

3. Multimodality: the post has at least one image.
For Reddit, this can be directly linked images or
those uploaded to Reddit. For X, this requires
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parsing the tweet card to find image URLSs.

3.3. Deduplication and normalization

We remove duplicates at the post level using
platform-native identifiers: (i) Reddit submissions
are keyed by Post 1D, and (ii) X posts are keyed
by tweet_id. During crawling, seen identifiers are
tracked to avoid collecting the same post multiple
times across queries or sources.

We preserve the raw engagement fields provided
by each platform to keep label construction repro-
ducible. For Reddit, we keep the submission score
and discussion volume (e.g., comment count), to-
gether with basic post metadata. For X, we keep
the observed interaction counters (likes, reposts,
replies, and views when available) and we addition-
ally compute an engagement score as

E = likes + reposts + replies.

Because engagement magnitudes differ substan-
tially across platforms, virality is not compared us-
ing raw counts directly. Instead, labels are derived
by normalizing engagement within each platform
and mapping posts into the three shared-task cate-
gories (low / medium / high).

3.4. Time window selection

All instances are restricted to a shared-task time
window with a fixed lower bound of 2023—-10-07
(UTC). For X, this lower bound is enforced at query
time; for Reddit, the initial crawl may return older
content, so the time constraint is applied during the
final filtering step.

In the current data snapshot, the retained times-
tamps span: (i) X: 2023-10-07 to 2025-12—-13
(UTC), (ii) Reddit: 2023-10-07 to 2025-11-04
(UTC). Posts outside the time window are excluded
from the final release.

4. Evaluation Track

A total of 4 teams submitted their predictions to the
shared task. Table 1 outlines the official leader-
board, evaluating the submissions primarily on
Macro F1-Score, supplemented by Accuracy. The
teams employed a wide range of analytical method-
ologies ranging from simplistic machine learning
workflows to foundational multimodal models and
recursive prompt-tuning techniques.

4.1. Participant Systems

HCMUS_TheFangs: The winning system delib-
erately avoided the complexities of deep multi-
modal learning by formulating virality prediction
strongly on sociological structure. They extracted
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the source community structure and encoded it
utilizing a sophisticated Bayesian smoothed target-
encoding feature. Combining this single powerful
feature with text-level descriptors (Character count,
Word count, Hashtag count) and simple textual TF-
IDF tokenization, they trained an XGBoost classifier.
This streamlined approach surprisingly overshad-
owed all deep learning methods, emphasizing that
virality during conflict heavily depends on commu-
nity amplification factors and user biases, far more
than on semantic properties.

Digilians: The Digilians team approached the
task through a complex multimodal neural architec-
ture, integrating both XLM-RoBERTa for multilin-
gual textual processing and a Vision Transformer
(ViT-B/16) mechanism. They significantly mini-
mized semantic gaps by injecting a bidirectional
cross-attention fusion layer that mutually condi-
tioned text and image features against each other.
Their implementation addressed severe class im-
balances by leveraging selective Flan-T5 text para-
phrasing on minority samples and applying a Focal
Loss function inversely weighted to class frequen-
cies.

xin1212: This anonymous submission imple-
mented a frozen multimodal paradigm. Retain-
ing the parameters of the base LAION CLIP-VIT,
they integrated a custom built, lightweight residual
adapter directly positioned over the concatenated
text-image embeddings. Followed by a three-way
MLP classifier layer, this frozen approach mitigated
overfitting typical of data-constrained tasks and sta-
bilized optimization in the multimodal learning do-
main.

ashhadulislam (Pushing_Boundaries): In con-
trast to explicitly engineering architectural models,
this submission pioneered Recursive Prompt Im-
provement (RPI) in a parameter-free manner us-
ing prominent large language models (DeepSeek,
GPT-5.2, and Qwen2.5-VL). They utilized diagnos-
tic signals from top misclassified texts in each it-
eration and iteratively revised classification meta-
prompts. They demonstrated that prompt tun-
ing progressively clarifies separation boundaries
among the different viral classes with zero neural
weight updates.

5. Discussion

The differing outcomes of the submitted systems
bring significant insights concerning multimodal vi-
rality prediction in emotionally charged and polariz-
ing contexts. Most notably, standard state-of-the-
art vision-language fusion models generally under-
performed relative to the non-neural system pro-



Rank Team Macro F1  Accuracy
1 HCMUS_TheFangs 0.7062 0.7305
2 Digilians (noureldeen) 0.4983 0.6009
3 xin1212 0.4559 0.6089
4 ashhadulislam 0.3199 0.4392

Table 1: Official NakbaVirality System Leaderboard.

vided by HCMUS_TheFangs, suggesting an inher-
ent "visual homogeneity” where explicit visual con-
tent does not directly determine virality. Rather, his-
torical community context and audience ideological
affiliations dictate how rapidly information dissemi-
nates. Furthermore, complex representations and
explicit hashtags were found to decrease organic
viral propensity, reaffirming the "Less is More" phe-
nomenon during high-stakes conflict propagation.

6. Conclusion and Future Work

The NakbaVirality shared task successfully intro-
duced the first benchmark specifically dedicated
to multimodal virality prediction within Arabic high-
stakes conflict discourse. With participation from
multiple international teams, the evaluation process
revealed a crucial insight: in politically charged
contexts, historical community behavior and au-
dience dynamics often exhibit greater predictive
power than the semantic or visual content of the
posts themselves. Deep multimodal architectures
struggled with the inherent visual homogeneity of
conflict imagery, demonstrating the vital necessity
of integrating sociological factors into virality mod-
els. Future iterations of this task will focus on ex-
panding the dataset across additional social media
platforms, capturing temporal sentiment shifts, and
incorporating zero-shot prompt-based evaluation
for larger foundation models to further explore early-
stage virality detection.

Limitations

While this shared task provides a foundational
benchmark, several limitations must be acknowl-
edged. First, the dataset is restricted to a specific
time window following October 7, 2023, and may
not fully capture the evolving linguistic and visual
strategies used in long-term geopolitical conflicts.
Second, to ensure strict ethical compliance and pro-
tect user privacy given the highly sensitive nature
of the discourse, critical network diffusion features
such as explicit user identities and follower graphs
were anonymized or excluded. This restricts the
ability to perform deep cascade or topology-based
virality analysis. Finally, the inherent rarity of truly
viral content results in a severe class imbalance,
significantly complicating the training process and

constraining the generalization capabilities of stan-
dard predictive models.
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