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Abstract

This paper describes our participation in the NakbaVirality shared task at the NakbaNLP Workshop (LREC–COLING
2026). We investigate Recursive Prompt Improvement (RPI), an instruction-level optimization strategy for virality
classification in high-stakes geopolitical discourse. In this work, we propose a self-supervised approach to iteratively
improve the classification prompt without human intervention. We begin with a basic prompt that guides the LLM to
perform multi-class classification, incorporating contextual information about the tweets. After obtaining predictions,
we identify misclassified tweets and feed them back to the model with an instruction to refine and improve the original
classification prompt. This process is repeated over multiple iterations to assess whether performance improves over
time. Our results show a remarkable improvement in F1 score from the first iteration to the final one. Although the
proposed method does not reach the accuracy of models fine-tuned directly on task-specific data, it demonstrates that
iterative, self-supervised prompt refinement can serve as a viable proxy for fine-tuning. By leveraging the model’s own
errors as feedback, this approach reduces reliance on computationally expensive training procedures and heavy GPU
usage, while preserving much of the adaptability typically associated with fine-tuned models. This paradigm opens
promising avenues for resource-efficient model adaptation and suggests new directions for scalable, low-cost per-
formance improvement without traditional fine-tuning. The code has been made publicly available at GitHub repository.
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1. Introduction

Social media platforms such as X, Facebook, and
Instagram have become central arenas for infor-
mation diffusion and narrative contestation during
geopolitical conflicts (Hussain and Howard, 2013;
Castells, 2015). In these contexts, virality is shaped
by emotional intensity, polarization, and algorithmic
amplification, and can directly influence public opin-
ion and mobilization (Vosoughi et al., 2018; Stray
et al., 2023; Kamin, 2019; Tufekci, 2015).

The Nakba and post–October 7th Gaza war
discourse exemplify highly polarized, emotion-
ally charged online communication, where moral-
emotional language and identity signaling strongly
drive engagement (Garimella et al., 2018; Barberá,
2015; Brady et al., 2017). Predicting virality in such
settings therefore requires models that go beyond
surface lexical features to capture emotional fram-
ing and stance.

Conflict discourse is also inherently multimodal,
with images, symbols, and memes playing a key
role in shaping interpretation and engagement
(Highfield and Leaver, 2016; Alam et al., 2024).
Prior work shows that integrating textual and visual
signals improves social media understanding tasks
(Zaghouani et al., 2025; Hasanain et al., 2024), yet
multimodal virality prediction in sensitive geopoliti-
cal domains remains underexplored.

The NakbaVirality shared task (Ezzini et al.,

2026) addresses this gap by challenging partici-
pants to predict reach and engagement for both
textual and multimodal posts related to the Nakba
and the post–October 7th war, fostering research
on context-rich and polarizing data.

We participated in the NakbaVirality Shared Task,
which focuses on predicting virality levels (low,
medium, high) for posts in a high-stakes geopo-
litical discourse setting. We have seen in pre-
vious works LMMs and LLMs can be converted
into classifiers by suitable prompting (Islam et al.,
2023). However, to improve performance the
prompt needs to be changed and tested multiple
times manually. Our primary objective in this task
was to examine whether Recursive Prompt Improve-
ment (RPI)—an iterative system prompt refinement
strategy—can serve as a viable alternative to con-
ventional model fine-tuning. Rather than updating
model parameters, we explored whether structured
prompt evolution driven by misclassified examples
could achieve competitive performance in a data-
efficient and cost-effective manner.

• Recursive Prompt Improvement (RPI): We
introduce an iterative prompt refinement frame-
work that leverages misclassified examples
to progressively improve task-specific system
prompts without parameter updates.

• Alternative to Fine-Tuning: We empirically
demonstrate that recursive prompt optimiza-
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tion can substantially improve virality classifica-
tion performance, highlighting its effectiveness
as a lightweight alternative to traditional fine-
tuning.

• Cross-Model Prompt Transferability: We
show that prompts optimized using a smaller
open-source model generalize effectively to
larger and closed-source LLMs, suggesting
that prompts can act as portable task adapters.

• Cost-Efficient Optimization Pipeline: We
propose a practical workflow where a cheaper
model is used for iterative prompt refinement,
and the resulting optimized prompt is deployed
on more powerful models, reducing computa-
tional and financial overhead.

2. Background

The NakbaVirality shared task (Ezzini et al., 2026)
formulates virality prediction as a three-class clas-
sification problem, requiring systems to label
posts as Low, Medium, or High based on a nor-
malized engagement score derived from likes,
shares/retweets, and comments. The dataset
contains approximately 2,600 curated post–image
pairs collected from X and Reddit after October 7,
2023, filtered using conflict-related keywords (e.g.,
“Gaza,” “Nakba,” “Palestine,” “Israel”). The con-
tent reflects highly polarized, multilingual discourse,
with the majority in English and Arabic.

Although the task emphasizes multimodal model-
ing, our work focuses primarily on a text-only setting
to isolate the effect of Recursive Prompt Improve-
ment (RPI). We conducted experiments on roughly
1,600 tweet–image pairs, using only 100 samples
for iterative prompt optimization and the remain-
der for validation and evaluation in a data-efficient
setup.

Unlike prior approaches centered on parame-
ter fine-tuning or supervised multimodal architec-
tures (Ezzini et al., 2026), we propose RPI as a
lightweight, model-agnostic alternative. By itera-
tively refining the system prompt using misclassified
examples, we improve Macro-F1 without updating
model weights and demonstrate cross-model trans-
ferability. This positions RPI as a computationally
efficient strategy for adapting large language mod-
els to sensitive, high-stakes virality classification
tasks.

3. System Overview

We are given 1,600 tweet–image pairs annotated
with three virality classes: Low (0), Medium (1),
and High (2). Although the shared task supports
multimodal inputs, our primary system focuses on

Figure 1: Recursive prompt flow Diagram

the text-only setting in order to evaluate prompt
optimization independently from visual reasoning.

3.1. System Configurations
We evaluate three configurations:

• System A (Baseline Prompt, Epoch 0): A
naïve fixed system prompt defining virality
rules.

• System B (Recursive Prompt Improve-
ment): Iteratively refined prompt using mis-
classification feedback.

• System C (Cross-Model Transfer): Applying
the optimized prompt to different LLM architec-
tures.

3.2. Recursive Prompt Improvement
(RPI)

Instead of optimizing model parameters θ, we opti-
mize the system prompt P .

Let:
D = {(xi, yi)}Ni=1

where xi is tweet text and yi ∈ {0, 1, 2} is the virality
label.

Given model M and prompt Pt at iteration t:

ŷi = M(xi;Pt)

We identify misclassified examples:

Et = {xi | ŷi ̸= yi}

The prompt update rule is:

Pt+1 = Improve(Pt,TopK(Et))

where the Improve function is implemented via
a meta-prompt asking the model to revise classifi-
cation instructions based on observed errors.
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Figure 1 illustrates the Recursive Prompt Im-
provement (RPI) workflow as an iterative refine-
ment process. In each iteration, the current system
prompt generates virality predictions on the training
subset, which are then compared with ground-truth
labels to identify classification errors. Rather than
updating model parameters, refinement occurs at
the instruction level.

We select the top-5 misclassified tweets as di-
agnostic signals, highlighting weaknesses in the
prompt formulation, such as ambiguous boundaries
between Medium and High virality or insufficient
emphasis on urgency cues. These examples are
incorporated into a meta-prompt that revises the
classification guidelines. The resulting updated
system prompt is used in the next iteration.

This closed-loop process can continue for multi-
ple rounds, progressively clarifying decision rules
and improving separation between Low, Medium,
and High virality classes without gradient-based
fine-tuning.

Each iteration therefore consists of three struc-
tured stages:

1. Prediction Stage: Apply the current system
prompt to generate virality labels.

2. Error Analysis Stage: Compare predictions
with ground truth and extract the top-5 most
informative misclassifications.

3. Prompt Refinement Stage: Update the sys-
tem prompt using a meta-instruction informed
by these errors.

Through this structured cycle, prompt engineer-
ing becomes a systematic optimization procedure
rather than a one-shot manual design process.

4. Experimental Setup

We did not use any additional labeled datasets,
external annotations, or handcrafted features be-
yond the data provided by the shared task. Our
methodology is intentionally lightweight and relies
primarily on large pre-trained language models and
structured prompt design rather than parameter
fine-tuning.

Our approach leverages:

• Pre-trained LLMs: DeepSeek-chat, Ope-
nAI gpt5.2, and Qwen2.5-VL-7B-Instruct, ac-
cessed via the OpenRouter API. We rely on the
models’ pre-trained world knowledge and con-
textual reasoning capabilities for interpreting
geopolitical and emotionally charged content.

• Data partitioning strategy: The dataset is
divided into train/dev/test splits, with 100 sam-
ples used for iterative prompt optimization and

the remaining data used for validation and test-
ing.

• Iterative refinement setup: The recursive
loop was executed for up to 30 epochs, with
the best-performing prompt observed at epoch
7.

• Computational environment: Experiments
were conducted using Google Colab Pro with
an NVIDIA A100 GPU (40GB GPU RAM) and
80GB system RAM.

• API usage and cost: Running the closed-
source model (openai/gpt5.2) for approx-
imately 3,000 prompts across two epochs in-
curred an estimated cost of $15 USD.

5. Results

Figure 2 shows the Macro-F1 scores across iter-
ations for both training and validation sets. The
validation trend closely follows the training curve,
indicating stable generalization during prompt re-
finement. Performance improves in the early itera-
tions and reaches its maximum validation score at
Epoch 7, after which gains plateau. This suggests
that the recursive prompt optimization converges
within a small number of iterations without evident
overfitting.

It is instructive to compare the initial prompt
with the final prompt obtained after iterative self-
supervised refinement.

Initial Prompt
You are a tweet virality scor-
ing model.
Your job: read the tweet
text and return a virality
score.
Virality score rules:
0 = low viral (ordinary,
niche, no hook, low engage-
ment potential)
1 = medium viral (interesting,
relatable, decent hook, moder-
ate engagement potential)
2 = high viral (strong hook,
highly shareable, controver-
sial, emotional, breaking
news, meme-worthy, strong
CTA)

Final Self-Supervised Prompt
You are a tweet virality scor-
ing model. Your task: read
a tweet and return a viral-
ity score (0=low, 1=medium,
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2=high). Consider emotional
impact, public interest, and
potential for shares or dis-
cussions. Assign low scores
(0) to tweets that are short,
lack details, report routine
developments, or contain ex-
treme claims without evidence
of broad impact. Reserve
high scores (2) only for
tweets with urgent, highly
contentious elements likely
to spark widespread debate or
action. Be cautious with
tweets about ongoing con-
flicts or political issues;
default to lower scores un-
less they contain urgent
breaking news, major policy
shifts, or highly provocative
accusations with clear poten-
tial for mass discussion.

The refined prompt demonstrates a clearer op-
erationalization of the scoring criteria. While the
initial prompt provides broad qualitative descriptors
(e.g., “strong hook” or “highly shareable”), the final
prompt introduces more structured decision bound-
aries and explicit cautionary rules. In particular,
it distinguishes between emotional intensity and
verifiable public impact, discourages over-scoring
routine or unsubstantiated claims, and provides
nuanced handling of political or conflict-related con-
tent. Such refinements enable the model to better
capture subtle contextual cues that would other-
wise require extensive manual inspection. By en-
coding these nuanced distinctions directly into the
prompt, the self-supervised process effectively in-
ternalizes criteria that a human annotator might
take considerable time to apply consistently across
large volumes of tweets.

5.1. Cross-Model Settings
The recursive prompt refinement procedure was
first conducted using text-only LLMs: DeepSeek-
chat (open-source) and OpenAI gpt5.2 (closed-
source) to assess cross-model generalization. This
setup allows us to examine whether improvements
achieved through recursive refinement on one
model transfer effectively to other architectures. To
further investigate multimodal adaptability, we con-
ducted additional experiments using Qwen2.5-VL-
7B-Instruct, a vision-language model. For the mul-
timodal model, the prompt was minimally adapted
to explicitly reference both textual and visual inputs
(e.g., “You are a tweet and image virality scoring
model”), while preserving the refined classification
instructions learned during recursive optimization.

Figure 2: Measurement of F1-score over number
of epoch

Model Baseline RPI Gain
Deepseek-chat 0.20 0.44 +120%
Openai/gpt5.2 0.25 0.42 +68%
Qwen2.5-VL-7B-Instruct 0.20 0.30 +50%

Table 1: Relative improvement after Recursive
Prompt Improvement (RPI).

Table 1 shows that the optimized prompt (Epoch 7)
consistently outperforms the baseline configuration.
DeepSeek exhibits the largest improvement (+0.24
absolute F1), indicating strong alignment between
prompt refinement and model behavior. OpenAI
gpt5.2 also benefits substantially (+0.17), demon-
strating that prompt-level optimization is transfer-
able even to larger, closed-source systems.

5.2. Multimodal Settings
In the multimodal setting, Qwen2.5-VL-7B-Instruct
shows a measurable improvement (+0.10), sug-
gesting that the refined decision boundaries en-
coded in the optimized prompt remain beneficial
when image information is introduced. Although
the gain is smaller compared to text-only LLMs, the
improvement confirms that Recursive Prompt Im-
provement produces architecture-agnostic refine-
ments that generalize beyond the model used dur-
ing optimization.

6. Conclusion

We investigated Recursive Prompt Improvement
(RPI) as a parameter-free alternative to fine-
tuning for virality classification. Iterative, error-
driven prompt refinement consistently improved
performance across multiple language models
and demonstrated cross-model transferability.
Several multimodal models behaved unstably:
mbzuai/ain achieved low performance (F1 =



205

0.14), while Molmo and idefics2 collapsed to
single-class predictions. In contrast, text-focused
LLMs were more stable and achieved stronger re-
sults, suggesting the task relies heavily on textual
reasoning. Prompt optimization performed with a
smaller open-source model transferred effectively
to others. Notably, DeepSeek outperformed the
larger closed-source gpt5.2, showing that scale
alone does not ensure better performance under
prompt-based refinement.
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