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Preface by the EEUCA organizers

Welcome to the Proceedings of the 9th Workshop on Event Extraction and Understanding: Challenges
and Applications (EEUCA 2026), held in conjunction with the Annual Meeting of the Association for
Computational Linguistics (ACL 2026).

EEUCA, formerly known as CASE (Challenges and Applications of Automated Extraction of Socio-
political Events from Text), continues to serve as a premier venue for researchers working on event
extraction, event understanding, information extraction, computational social science, and related areas.
Over the years, the workshop has evolved alongside the rapid advancement of natural language processing
technologies, expanding its scope from traditional event extraction pipelines to encompass multilingual,
multimodal, and generative approaches for understanding complex real-world events.

This year’s edition reflects several important developments in the field. First, large language models
(LLMs) have become a central theme across both research papers and shared task submissions. Many
contributions explore how LLMs can support event extraction through prompting, reasoning, weak super-
vision, agent-based architectures, and structured generation. At the same time, authors critically examine
the limitations of current generative systems, including challenges related to reliability, interpretability,
schema adherence, and low-resource settings.

Second, EEUCA 2026 highlights the growing importance of multimodal event understanding. As in-
formation about events is increasingly communicated through images, memes, videos, and other forms
of multimedia content, researchers are developing methods that move beyond text-only analysis toward
richer representations that combine visual and linguistic information. This trend is particularly evident
in the workshop’s shared tasks, which address socially relevant problems involving multimodal vaccine
discourse and toxicity detection in online gaming communities.

The workshop received submissions covering a diverse range of topics, including low-resource event
extraction, benchmark creation, symbolic reasoning, geopolitical event analysis, reflective multi-agent
systems, and generative event extraction. The accepted papers collectively demonstrate the breadth of
current research directions and the increasing interdisciplinarity of the field. EEUCA 2026 also had
strong participation in its shared tasks. Compared to previous editions, this year’s shared tasks place grea-
ter emphasis on multimodal reasoning, socially impactful applications, and real-world challenges such
as misinformation, online harms, and nuanced behavioral intent detection. The enthusiasm and diversity
of approaches demonstrated by participating teams illustrate the growing interest in event-centered Al
research and provide valuable benchmarks for future work.

We would like to express our sincere gratitude to the authors, shared task participants, program commit-
tee members, reviewers, keynote speakers, and organizers whose efforts made this workshop possible.
Their contributions ensure the continued success of EEUCA as a collaborative forum for advancing re-
search on event extraction and understanding. We look forward to the continued growth of this research
community and to future editions of EEUCA.

The EEUCA 2026 Organizing Committee
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Overview of the Workshop on Event Extraction and Understanding:
Challenges and Applications

Ali Hiirriyetoglu', Surendrabikram Thapa?, Hristo Tanev>,
Laxmi Thapa®, Surabhi Adhikari®
1Wageningen Food Safety Research, Netherlands, 2Virginia Tech, USA,
3’Europeam Commission, Joint Research Centre, Italy
40.P. Jindal Global University, India, *Columbia University, USA
'ali.hurriyetoglu@wur.nl, 2sbt@vt.edu, ’hristo.tanev@ec.europa.eu

Abstract

This paper presents an overview of the 9th
Workshop on Event Extraction and Understand-
ing: Challenges and Applications (EEUCA
2026), held in conjunction with ACL 2026. For-
merly known as CASE, the workshop contin-
ues its mission of bringing together researchers
from natural language processing, machine
learning, computational social science, and re-
lated disciplines to advance research on event
extraction and understanding. This year’s edi-
tion particularly emphasized the growing influ-
ence of large language models (LLMs), multi-
modal learning, and weakly supervised method-
ologies in event extraction research. The work-
shop featured six regular research papers cov-
ering topics such as low-resource event extrac-
tion, reflective multi-agent architectures, sym-
bolic auditing of procedural events, geopoliti-
cal event extraction, and generative event ex-
traction strategies. In addition, EEUCA 2026
hosted two shared tasks focusing on toxicity de-
tection in gaming communities and multimodal
vaccine-critical meme analysis, attracting broad
international participation and encouraging re-
search on socially impactful applications of
Al The workshop highlights current advances,
emerging challenges, and future directions in
multilingual, multimodal, and socially aware
event extraction systems.

1 Introduction

The increasing availability of large-scale digital
data has transformed the study of events across so-
cial, political, economic, and public health domains
(Chen et al., 2024; Thapa et al., 2025a). News ar-
ticles, social media posts, online discussions, mul-
timodal content, and user-generated media contin-
uously document evolving real-world events, cre-
ating new opportunities for automated event ex-
traction and understanding (Liu et al., 2020; Shah,
2016; Thapa et al., 2025b; Hey et al., 2025). At
the same time, modern societal challenges such as

1

misinformation, political polarization, online ex-
tremism, public health crises, and humanitarian
emergencies have increased the need for reliable
Al systems capable of identifying, structuring, and
interpreting complex event information from het-
erogeneous data sources (Hiirriyetoglu et al., 2025).
Recent advances in large language models
(LLMs), multimodal transformers, and instruction-
tuned generative systems have significantly re-
shaped the event extraction landscape (Meng et al.,
2024; Liu et al., 2025b; Chen et al., 2024). Contem-
porary models are increasingly capable of perform-
ing event detection, argument extraction, temporal
reasoning, and cross-document event understand-
ing with reduced supervision and improved general-
ization. At the same time, these systems introduce
new research questions related to hallucination, in-
terpretability, schema flexibility, multilingual ro-
bustness, and ethical deployment. In parallel, mul-
timodal learning has expanded the scope of event
analysis beyond traditional text-based pipelines by
enabling systems to jointly reason over textual, vi-
sual, and contextual information in domains such
as misinformation analysis, social media discourse,
and crisis monitoring (Liu et al., 2025a; Li et al.,
2024; Suwannahong et al., 2026; Ma et al., 2025).
Against this backdrop, the 9th Workshop on
Event Extraction and Understanding: Challenges
and Applications (EEUCA 2026), formerly known
as CASE, continues to provide an interdisciplinary
venue for researchers working at the intersection
of NLP, machine learning, computational social
science, and Al-driven event analytics. Building
on previous editions of CASE, now EEUCA, this
year’s workshop places particular emphasis on mul-
tilingual event extraction, multimodal reasoning,
generative Al, low-resource settings, and societally
relevant applications of event understanding sys-
tems (Hiirriyetoglu et al., 2025, 2024, 2023).
EEUCA 2026 featured six regular research pa-
pers spanning a broad range of topics, including
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weakly supervised Vietnamese event extraction,
benchmark creation for Nepali event extraction, re-
flective multi-agent event extraction architectures,
symbolic auditing of procedural event datasets,
generative event extraction training strategies, and
LLM-driven geopolitical event extraction pipelines.
Collectively, these papers reflect the increasing di-
versity of methodologies and applications emerging
in the event extraction community.

In addition to regular papers, the workshop
hosted two shared tasks designed to encourage re-
search on socially relevant and multimodal prob-
lems. The first shared task focused on under-
standing toxic behavioral intent in gaming chat
logs using the GameTox dataset, while the sec-
ond addressed multimodal identification of vaccine-
critical content on social media using the VaxMeme
dataset. These shared tasks attracted broad inter-
national participation and highlighted the growing
importance of multimodal reasoning, domain adap-
tation, and robust classification under severe class
imbalance and noisy real-world conditions.

This overview paper summarizes the accepted
papers, shared tasks, and broader research themes
represented at EEUCA 2026. We further discuss
emerging trends in event extraction research, in-
cluding the role of LLMs, multimodal systems,
weak supervision, and reflective reasoning architec-
tures, while outlining future directions for building
more reliable, interpretable, and socially responsi-
ble event understanding systems.

2  Accepted Papers

This year, 6 regular papers were accepted. Below,
we provide brief descriptions of accepted papers:

Hieu et al. (2026) proposed a weakly supervised
framework for Vietnamese event extraction
that addresses the scarcity of annotated data by
constructing a large-scale silver corpus from
unlabeled news articles. Their approach first
pseudo-labels Vietnamese news data using an
existing BKEE event extraction model, then
applies a cross-document n-ary relation filtering
strategy that retains event structures consistently
observed across multiple articles discussing the
same topic, thereby reducing noisy annotations.
The authors further improve diversity through
schema-based data augmentation, where event
schemas containing triggers and arguments are
diversified and instantiated using LLMs to generate

structurally valid synthetic training examples.
Built on top of the FourlE joint event extraction
architecture, their framework expands the training
data to over 46,000 silver-labeled sentences
and achieves consistent improvements on the
Vietnamese BKEE benchmark, particularly for
entity mention detection and event argument
extraction.

Maharjan et al. (2026) introduced NepEE, a manu-
ally annotated benchmark dataset for low-resource
Nepali event extraction, focusing on trigger phrase
identification and event type classification in mor-
phologically complex Devanagari text. The dataset
contains 10,226 Nepali sentences annotated by five
native speakers through a rigorous three-phase
annotation protocol involving pilot annotation,
instruction refinement, and conflict resolution,
resulting in high inter-annotator agreement scores
of Fleiss’ k = 0.812 for trigger identification
and kx = 0.855 for event classification. The
authors defined eight event categories, including
political, economic, health, disaster, and education
events, and developed detailed guidelines to
capture complex Nepali trigger structures such
as nominalized triggers and compound verb
constructions. They further benchmarked a broad
range of approaches, including classical machine
learning models, multilingual and Indic-specific
Transformer encoders, and instruction-tuned LLMs
under zero-shot and few-shot prompting settings.
Experimental results showed that Indic-specialized
Transformer models achieved the strongest perfor-
mance for event classification, while generative
LLMs struggled with exact trigger span extraction
due to Nepali’s morphological complexity and
ambiguity in trigger boundaries.

Rim et al. (2026) presented a symbolic audit
framework for procedural event annotations by
introducing Entity Qualia Structure (EQS), a
lexical-semantic representation grounded in Gener-
ative Lexicon theory to distinguish semantically
central entity state changes from incidental ones
in procedural text. Using lexical resources such
as the Brandeis Semantic Ontology, CoreLex, and
WordNet, the authors categorized entities into
coarse sortal types including natural, artifactual,
and instrument classes, and applied this framework
to the OpenPl food-domain procedural dataset.
Their analysis revealed that only 51.1% of OpenPI
transformation annotations corresponded to actual



food entities, while 30.2% tracked incidental
instrument-related state changes such as bowls,
knives, or ovens, highlighting substantial annota-
tion noise in procedural state tracking datasets. The
study further compared EQS-based filtering with
prior human and LLM-based cleanup methods,
demonstrating that the symbolic approach uniquely
identified 15.6% of problematic annotations
missed by both human re-annotation and LLM
salience scoring approaches. Additionally, the
authors analyzed the AGENTIVE quale feature and
showed that most agentive-positive annotations
involved instruments rather than food entities,
emphasizing that procedural state interpretation
requires compositional reasoning between entity
qualia and verb semantics.

Ravikumar and Batista-Navarro (2026) conducted
a systematic study of training strategies for
generative event extraction, focusing on how event
detection (ED) and event argument extraction
(EAE) should be coordinated when fine-tuning
LLMs. The authors proposed a taxonomy of
seven training strategies spanning three paradigms:
disjoint training, fully shared training, and hybrid
parameter-sharing approaches, and evaluated them
across ACE2005 and RichERE using multiple
instruction-tuned LLMs ranging from 3B to 12B
parameters. Their framework formulated ED,
EAE, and joint event extraction as conditional text
generation tasks using structured JSON outputs,
enabling direct comparison between pipeline
and joint generative approaches under consistent
settings. Experimental results demonstrated that
training strategy substantially affects extraction
performance, with the strongest overall results
achieved by an “ED Backward Transfer” approach
that initializes event detection adapters from
pretrained event argument extraction adapters.
In contrast, fully joint modeling approaches that
generated complete event structures in a single
pass consistently underperformed, particularly for
trigger classification. The study further showed
that event detection benefits from cross-task
transfer and partial parameter sharing, whereas
argument extraction performs best with dedicated
task-specific adapter capacity, highlighting the
importance of carefully balancing parameter
sharing and specialization in generative event
extraction systems.

Tanev et al. (2026) proposed MAREA, a reflective

multi-agent architecture for Semi-Open Event
Extraction (SOEE) that combines fixed event
schema fields with dynamically generated event
attributes inferred through self-reflective reasoning
using LLMs. Unlike traditional closed-schema
event extraction systems, their SOEE framework
preserves a core set of standardized fields such
as event type, date, and location while allowing
the system to iteratively expand templates with
context-specific attributes generated at runtime.
The proposed architecture consists of three
layers: an expert layer that generates initial
event templates and answers follow-up questions,
a reflective layer that formulates questions to
uncover missing or implicit event information,
and a coordination layer that manages interactions
among agents. The reflective component employs
multiple strategies, including BERT-based question
mapping, prompt-driven question generation,
and keyword-based reasoning, to discover new
event attributes beyond the predefined schema.
Evaluated on health-related news articles using
LLaMA-3.1-70B-Instruct, MAREA achieved
strong extraction performance on core event fields
such as event type, actors, disease, and mitigation
measures, while also generating additional seman-
tically relevant attributes that improved template
completeness and contextual richness. The study
demonstrates how reflective multi-agent reasoning
can support flexible, extensible, and semantically
richer event extraction beyond rigid fixed-schema
approaches.

Dell’Orto and Kommandeur (2026) introduced
GENOME, a continuously updated geopolitical
event extraction pipeline and dataset designed to
capture both conflictual and cooperative interna-
tional interactions using LL.Ms and the PLOVER
ontology. Addressing limitations in existing re-
sources such as POLECAT (Halterman et al., 2023),
the authors proposed a two-stage extraction and
classification framework that leverages GPT-based
one-shot prompting with enforced structured out-
puts to extract events from large-scale English-
language newswire data. GENOME extends the
traditional Actor—Recipient event representation
by introducing a novel Third Party role, enabling
richer multi-entity geopolitical representations that
better capture complex international interactions
and contextual participants. The pipeline further
incorporates entity normalization and embedding-
based clustering for resolving geopolitical actors,



as well as a multi-criteria deduplication module
that merges duplicate reports of the same event
across multiple sources. Evaluated against the
POLECAT dataset over a five-month overlap pe-
riod, GENOME demonstrated strong alignment on
conflict-related event types while capturing a sub-
stantially more balanced distribution of coopera-
tive and verbal interactions, particularly diplomatic
consultations and agreements that were largely ab-
sent in POLECAT. The study also showed that
GENOME more accurately associates events with
their inferred occurrence dates rather than pub-
lication dates and provides finer-grained geopo-
litical entity resolution for organizations such as
NATO, IMF, and WTO. Overall, the work high-
lights the potential of LLM-based structured ex-
traction pipelines for building scalable and tem-
porally grounded geopolitical event databases for
international relations research and early-warning
applications.

3 Shared Task on Understanding Toxic
Behavioral Intent in Gaming Chat Logs

The shared task on Understanding Toxic Behav-
ioral Intent in Gaming Chat Logs' addressed
the challenge of fine-grained toxicity detection
in online gaming communities using the Game-
Tox dataset, a large-scale corpus of approximately
53,000 annotated chat utterances collected from
the multiplayer game World of Tanks (Naseem
et al., 2025; Thapa et al., 2026c). Participants
were required to classify each utterance into one
of six intent categories: Non-toxic, Insults and
Flaming, Other Offensive Texts, Hate and Harass-
ment, Threats, and Extremism, reflecting the di-
verse and highly imbalanced nature of toxic com-
munication in gaming environments. The task high-
lighted several key challenges specific to gaming
chat, including short and noisy utterances, multilin-
gual and code-switched communication, gaming-
specific slang, and severe long-tail class imbalance
where high-risk categories such as threats and ex-
tremism were extremely rare. A total of 102 par-
ticipants registered for the competition, with 35
teams submitting systems that explored a broad
range of approaches, including domain-adaptive
pretraining, multilingual transfer learning, super-
vised contrastive learning, token-attribution guided
architectures, ensemble methods, and LLM-based
synthetic data augmentation for minority classes.

"https://www.codabench.org/competitions/12083/

Systems were evaluated using macro-averaged F1-
score to emphasize balanced performance across all
toxicity categories, and the best-performing system
achieved a Macro F1-score of 0.7041. Overall, the
shared task provided a comprehensive benchmark
for studying toxicity detection in gaming commu-
nities and highlighted the importance of domain
adaptation, rare-class modeling, and robust multi-
lingual learning for developing safer and healthier
online gaming environments.

4 Shared Task on Multimodal
Identification of Vaccine Critical
Content on Social Media

The shared task on Multimodal Identification of
Vaccine Critical Content on Social Media focused
on detecting vaccine stance in social media memes?
using the VaxMeme dataset, a large-scale multi-
modal collection of over 10,000 vaccination-related
memes containing both images and associated tex-
tual content (Naseem et al., 2023; Thapa et al.,
2026b,a). Participants were tasked with classifying
each meme into one of three categories: Vaccine-
critical, Neutral, or Pro-vaccine, requiring systems
to jointly reason over visual cues, embedded OCR
text, sarcasm, humor, and multimodal context. The
task highlighted the challenges of multimodal pub-
lic health misinformation analysis, where stance is
often conveyed implicitly through image-text inter-
actions, cultural references, and visual metaphors
rather than explicit textual claims alone. A total
of 77 participants registered for the competition,
with 25 teams submitting systems that explored a
wide range of approaches, including transformer-
based multimodal architectures, vision-language
models, cross-modal attention mechanisms, en-
semble strategies, OCR-enhanced pipelines, and
instruction-tuned LLMs. Systems were evaluated
using macro-averaged F1-score to ensure balanced
performance across stance categories despite mod-
erate class imbalance, and the best-performing sys-
tem achieved a Macro F1-score of 0.8494. Overall,
the shared task provided a benchmark for multi-
modal vaccine stance detection and offered insights
into the strengths and limitations of current mul-
timodal Al systems for analyzing vaccine-related
discourse, misinformation, and public health narra-
tives on social media platforms.

Zhttps://www.codabench.org/competitions/12085/
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5 Future Direction

The rapid evolution of LLMs, multimodal Al sys-
tems, and agentic reasoning frameworks continues
to redefine the future of event extraction and un-
derstanding research. Future editions of EEUCA
will further expand beyond traditional text-centric
pipelines toward systems capable of integrating in-
formation across multiple modalities, languages,
and sources while maintaining robustness, inter-
pretability, and scalability.

One important future direction involves multilin-
gual and low-resource event extraction. Despite re-
cent progress, many languages still lack sufficiently
large annotated corpora, standardized schemas, and
benchmark datasets. Future research must continue
to explore weak supervision, synthetic data genera-
tion, transfer learning, and cross-lingual adaptation
techniques that can improve event extraction capa-
bilities for underrepresented languages and regions.
Building multilingual and culturally aware event
extraction systems remains essential for ensuring
equitable global coverage of socio-political and
public health events.

Another major research direction concerns mul-
timodal event understanding. Increasingly, im-
portant real-world events are communicated not
only through text but also through images, videos,
memes, and multimodal social media content. The
success of this year’s shared tasks demonstrates
both the promise and the difficulty of multimodal
reasoning in socially sensitive settings such as mis-
information detection and online toxicity analysis.
Future work should focus on more robust cross-
modal alignment, multimodal temporal reasoning,
sarcasm and implicit intent detection, and multi-
modal explainability techniques capable of identify-
ing how visual and textual signals jointly contribute
to model predictions.

The workshop also highlights growing interest
in reflective and semi-open event extraction archi-
tectures powered by LLMs. Future systems may
increasingly move beyond rigid fixed-schema ex-
traction toward adaptive frameworks capable of dy-
namically discovering new event attributes, reason-
ing over incomplete information, and interacting
with external knowledge sources. Agentic Al sys-
tems combining retrieval, reasoning, verification,
and self-reflection may play an important role in
improving event completeness, factual grounding,
and temporal consistency.

Another critical challenge concerns reliability,

fairness, and evaluation. While LLM-based sys-
tems have demonstrated impressive generative ca-
pabilities, they remain susceptible to hallucination,
bias, instability, and poor calibration in high-stakes
applications. Future research should therefore pri-
oritize more rigorous evaluation methodologies,
uncertainty estimation, bias auditing, and inter-
pretable reasoning frameworks for event extraction
systems. Human-in-the-loop evaluation, symbolic
validation, and hybrid neuro-symbolic approaches
may become increasingly important for ensuring
trustworthy event extraction pipelines.

Future research could also explore tighter inte-
gration of event extraction with related NLP tasks
highlighted in this workshop edition, such as abu-
sive language and hate speech detection, misinfor-
mation analysis, stance detection, question answer-
ing, and sentiment analysis. Future EEUCA shared
tasks will continue to focus on realistic and so-
cietally relevant challenges involving multimodal
analysis, multilingual event understanding, mis-
information, public health communication, and
emerging online harms. We also aim to further
support participation from early-career researchers
and underrepresented communities through men-
torship opportunities, collaborative initiatives, and
accessible benchmark resources.

6 Conclusion

The 9th Workshop on Event Extraction and Under-
standing: Challenges and Applications (EEUCA
2026) reflects the continued growth and diversifi-
cation of the event extraction research community.
This year’s workshop showcased advances span-
ning low-resource event extraction, multimodal rea-
soning, generative architectures, symbolic auditing,
geopolitical event analysis, and socially grounded
shared tasks involving gaming toxicity and vaccine-
related misinformation. The accepted contributions
demonstrate how modern event extraction research
is increasingly shaped by LLMs, multimodal Al,
and interdisciplinary applications that extend far
beyond traditional information extraction settings.

The workshop further highlighted both the op-
portunities and the challenges introduced by rapidly
evolving Al technologies. While LLMs and mul-
timodal systems have substantially expanded the
capabilities of event extraction pipelines, impor-
tant questions remain regarding reliability, inter-
pretability, fairness, multilingual inclusivity, and re-
sponsible deployment. Through its combination of



regular papers, shared tasks, and interdisciplinary
collaboration, EEUCA continues to provide a plat-
form for advancing research on robust, scalable,
and socially responsible event understanding sys-
tems.

Broader Impact

EEUCA 2026 contributes to the broader advance-
ment of socially impactful Al research by promot-
ing event extraction technologies that support appli-
cations in public health monitoring, misinformation
analysis, online safety, humanitarian response, and
socio-political understanding. The workshop en-
courages interdisciplinary collaboration between
NLP researchers, computational social scientists,
and domain experts working on real-world societal
challenges.

This year’s shared tasks particularly emphasized
socially relevant applications involving online tox-
icity in gaming communities and vaccine-related
misinformation on social media, both of which
have direct implications for digital well-being, pub-
lic discourse, and public health communication.
By fostering research on multilingual, multimodal,
and low-resource event understanding systems, the
workshop also supports the development of more
inclusive Al technologies capable of addressing
global and culturally diverse contexts.

At the same time, the workshop recognizes the
ethical challenges associated with automated event
extraction and large-scale content analysis. Event
extraction systems may inherit societal biases, mis-
interpret context, or produce harmful outputs when
deployed without appropriate safeguards. Multi-
modal and LLM-based systems are additionally
vulnerable to hallucination, misinformation prop-
agation, privacy concerns, and unfair treatment of
marginalized groups. Accordingly, EEUCA pro-
motes responsible Al practices, transparent evalu-
ation methodologies, and research that prioritizes
fairness, accountability, and human-centered de-
ployment considerations in event extraction tech-
nologies.
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Abstract

Online gaming communities are increasingly
affected by toxic communication, including ha-
rassment, threats, hate speech, and extremist
content. Detecting such behavior is challenging
due to the short, noisy, multilingual, and highly
imbalanced nature of gaming chat data. To ad-
vance research in this area, we organized the
Shared Task on Fine-Grained Toxicity Detec-
tion in Online Gaming at EEUCA 2026, co-
located with ACL 2026. The task is based
on the GameTox dataset, containing approx-
imately 53,000 annotated chat utterances from
World of Tanks across six toxicity categories. A
total of 102 participants took part, and 35 teams
submitted systems exploring approaches such
as domain-adaptive pretraining, multilingual
transfer learning, contrastive learning, LLM-
based augmentation, and ensemble methods.
Systems were evaluated using macro-averaged
F1-score, with the top system achieving 0.7041
Macro F1. This paper presents an overview of
the shared task, dataset, evaluation framework,
participant methods, and key findings.

1 Introduction

Online multiplayer gaming has become one of the
most prevalent forms of digital social interaction,
with billions of users worldwide engaging in real-
time chat communication during gameplay (Craw-
ford et al., 2013). Yet beneath the coordinated
team play and casual banter, in-game chat channels
also serve as fertile ground for some of the most
toxic forms of online behavior: insults, harassment,
identity-based hate speech, threats, and even ex-
tremist messaging (Naseem et al., 2025; Sanghvi
et al., 2024). The anonymity afforded by gaming
usernames, the high-stakes emotional intensity of
competitive play, and the perceived ephemerality of
chat exchanges combine to lower the threshold for
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toxic behavior, with measurable consequences for
player well-being, community health, and platform
governance (Wells et al., 2025).

Detecting toxic content in gaming chat presents
a distinct set of computational challenges that dis-
tinguish it from toxicity detection on mainstream
social media platforms. First, in-game chat utter-
ances are characteristically short: messages av-
erage roughly twelve tokens in length and are
densely populated with domain-specific slang, ab-
breviations, and obfuscated spellings that general-
purpose pretrained language models struggle to
interpret (Naseem et al., 2025). Second, toxicity
in gaming spans a wide spectrum of severity and
intent, ranging from casual flaming and compet-
itive trash-talk to identity-based harassment, ex-
plicit threats, and extremist incitement—categories
that demand fine-grained, multi-class differentia-
tion rather than a coarse binary judgment. Third,
gaming chat is heavily multilingual, with utter-
ances in English, Russian, Polish, German, French,
Spanish, and many other languages frequently ap-
pearing within a single match, often interleaved
with code-switching and transliterations. Finally,
real-world gaming toxicity datasets exhibit ex-
treme long-tailed class distributions, with non-toxic
communication dominating the corpus while the
most consequential toxic categories—hate speech,
threats, and extremism—collectively account for
less than five percent of training samples.

These compounding challenges render general-
purpose toxicity classifiers largely ineffective when
transferred to the gaming domain. Models pre-
trained on formal text corpora suffer significant
domain shift when applied to game chat’s semantic
sparsity and informal register; ensemble methods
designed for high-resource settings can fail catas-
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trophically under extreme data scarcity for minor-
ity classes; and evaluation metrics that prioritize
overall accuracy obscure systemic failures on the
rare-but-high-risk toxic categories that matter most
for content moderation. Addressing these issues
requires concerted research effort, robust bench-
marks, and methodological innovations specifically
tailored to the characteristics of gaming communi-
cation.

To advance research in this critical area, we
present the Shared Task on Fine-Grained Toxic-
ity Detection in Online Gaming, organized as
part of the 9th Workshop on Event Extraction
and Understanding: Challenges and Applications
(EEUCA 2026) (Hiirriyetoglu et al., 2026), co-
located with ACL 2026. The task is built on
the GameTox dataset (Naseem et al., 2025), com-
prising approximately 53,000 manually annotated
chat utterances drawn from the online multiplayer
game World of Tanks. Participating systems are
required to classify each utterance into one of six
fine-grained intent categories: Non-Toxic (0), In-
sults and Flaming (1), Other Offensive Texts (2),
Hate and Harassment (3), Threats (4), and Extrem-
ism (5). The annotation schema, adapted from the
CrisisHateMM framework (Bhandari et al., 2023),
captures the gradient of toxic intent that character-
izes real-world gaming communication. Following
standard practice for imbalanced classification, sys-
tems are evaluated using macro-averaged F1-score,
which assigns equal weight to all six categories and
emphasizes performance on the high-risk minority
classes that are most relevant to platform safety.

The shared task attracted strong participation,
with 35 teams submitting systems exploring a wide
range of approaches for fine-grained toxicity detec-
tion in gaming environments. Participating meth-
ods included transformer-based encoders, multilin-
gual transfer learning, domain-adaptive pretraining,
contrastive learning, large language model (LLM)-
based augmentation, ensemble methods, and spe-
cialized architectures designed to address severe
class imbalance and rare toxic categories. The di-
versity of submissions highlights both the grow-
ing interest in gaming toxicity detection and the
methodological challenges posed by short, noisy,
multilingual, and highly imbalanced chat data. This
paper provides a comprehensive overview of the
shared task, including a detailed description of the
GameTox dataset and its annotation methodology,
the evaluation protocol, summaries of the partic-
ipating systems and their methodologies, and an

analysis of the results. Through this shared task,
we aim to advance the state of fine-grained toxicity
detection in online gaming, foster methodologi-
cal innovation under realistic class-imbalance and
domain-shift conditions, and contribute to the de-
velopment of more reliable Al-driven systems for
promoting healthier digital spaces in gaming com-
munities.

2 Related Works

Research on toxicity in gaming communities has
progressively shifted from broad online-abuse
frameworks toward examining the emergence of
hostile communication within competitive mul-
tiplayer environments (Munn, 2023; Zsila et al.,
2022). Recent work demonstrates that toxic behav-
ior in games encompasses verbal harassment, hate
speech, exclusionary conduct, and related hostile
practices that diminish player enjoyment, harm psy-
chological well-being, and normalize abusive inter-
action within gaming cultures (Wells et al., 2025;
Zsila and Demetrovics, 2025). However, much
of this literature remains sociological or psycho-
logical rather than computational, offering richer
accounts of the causes and consequences of toxic-
ity than deployable NLP methods for identifying
fine-grained toxic intent in chat data (Munn, 2023;
Zsila et al., 2022).

Early computational work on gaming toxicity
demonstrated that supervised models could pre-
dict crowdsourced moderation decisions in League
of Legends; however, such work largely treated
toxicity as a coarse moderation outcome rather
than a fine-grained taxonomy of harmful intents
(Blackburn and Kwak, 2014). More recent gaming-
specific research has begun to address this limita-
tion by focusing directly on in-game chat, where
utterances are short, noisy, context-dependent, and
shaped by gaming slang (Naseem et al., 2025;
Tereshchenko and Hamal4inen, 2025). GameTox
is particularly relevant as it introduces a large-scale
gaming-chat dataset annotated for toxicity detec-
tion via intent classification and slot filling, thereby
advancing the field beyond coarse binary toxicity
labels (Naseem et al., 2025). Nevertheless, ex-
isting gaming-focused datasets and systems still
leave open challenges related to rare toxic classes,
multilingual variation, context dependence, and ro-
bustness under severe class imbalance.

In broader NLP, transformer-based language
models such as BERT (Devlin et al., 2019),



RoBERTa (Liu et al., 2019), XLM-R (Conneau
et al., 2020), and HateBERT (Caselli et al., 2021)
have become foundational to abusive-language de-
tection, offering robust contextual, multilingual,
and domain-adapted representations. Yet these
models do not fully resolve gaming-toxicity de-
tection, as strong performance on general abusive-
language benchmarks does not reliably transfer
to short, code-mixed, slang-heavy, and class-
imbalanced game-chat data (Naseem et al., 2025;
Caselli et al., 2021). Bias and explainability re-
search further demonstrates that toxicity classifiers
are susceptible to encoding social biases and may
require rationales, target labels, or audit mecha-
nisms to support equitable and transparent mod-
eration decisions (Mathew et al., 2021; Sap et al.,
2019; Rauniyar et al., 2023). This shared task is po-
sitioned at the intersection by providing a focused
evaluation setting for fine-grained gaming-toxicity
detection and by encouraging systems that explic-
itly address domain shift, rare harmful categories,
and realistic class imbalance rather than relying on
coarse binary toxicity classification.

3 Shared Task Description

This shared task focuses on the automated detection
of toxic behavior in online gaming communities,
targeting the classification of player intent in game
chat utterances.

Task: Intent Classification. Given a game chat
utterance, participating systems must classify its
intent into one of six categories: Non-toxic, Hate
and Harassment, Threats, Extremism, Insults and
Flaming, and Other Offensive Texts. Non-toxic
utterances correspond to normal, benign commu-
nication between players. Hate and Harassment
includes abusive language targeting individuals or
groups based on identity or personal attributes.
Threats involve expressions of intent to cause harm.
Extremism captures content related to extremist ide-
ologies or propaganda. Insults and Flaming refers
to offensive or aggressive language aimed at pro-
voking or demeaning others, while Other Offensive
Texts include inappropriate or offensive content that
does not fall into the above categories.

The task was evaluated using a macro-averaged
F1-score to ensure balanced performance across
all classes, particularly in the presence of class
imbalance and varying degrees of toxicity.
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4 Dataset

The shared task is based on the GameTox dataset
(Naseem et al., 2025), a large-scale collection of
game chat utterances designed for toxicity detec-
tion through intent classification. The dataset con-
sists of approximately 53,000 utterances collected
from the online game World of Tanks via the Wo'T-
Record database, capturing realistic player interac-
tions in gaming environments.

4.1 Data Collection and Annotation

The dataset was constructed from publicly available
chat logs, followed by preprocessing steps includ-
ing language filtering, normalization, and removal
of user identifiers to preserve privacy. Intent anno-
tations were obtained through a human-LLM col-
laborative process, where initial pseudo-labels gen-
erated by large language models were verified and
refined by human annotators. A multi-phase anno-
tation protocol was employed to ensure consistency,
including pilot annotation, guideline refinement,
and consolidation (Bhandari et al., 2023). Each
utterance was assigned one of six labels: Non-toxic
(0), Insults and Flaming (1), Other Offensive Texts
(2), Hate and Harassment (3), Threats (4), and Ex-
tremism (5). The annotation process achieved high
reliability, with strong inter-annotator agreement.

4.2 Dataset Split

For the shared task, the dataset is divided into train-
ing, validation, and test sets using an approximate
80/10/10 split. The distribution preserves the natu-
rally imbalanced nature of toxicity in gaming envi-
ronments, where non-toxic utterances dominate.

Label Train  Val Test  Total
Non-toxic 34797 4349 4351 43497
Insults and Flaming 5925 740 742 7407
Other Offensive Texts 1874 234 235 2343
Hate and Harassment 279 34 36 349
Threats 60 7 8 75
Extremism 24 3 3 30
Total 42959 5367 5375 53701

Table 1: Dataset statistics for the shared task.

As shown in Table 1, class distribution is imbal-
anced, with majority utterances being non-toxic,
while severe toxicity categories such as threats and
extremism are relatively rare. This reflects real-
world gaming environments and poses additional
challenges for robust model development.



5 Evaluation and Competition

This section describes the structure of our competi-
tion, along with the methodology used to determine
ranks and other relevant details.

5.1 Evaluation Metrics

To evaluate the effectiveness of the participants’
contributions, we used four metrics: macro F1-
score, accuracy, precision, and recall. The partici-
pants’ final ranks were determined using the macro
F1-score as the primary ranking metric.

5.2 Competition Setup

We used Codabench' to organize our competition.
The competition consisted of two phases: a devel-
opment phase, where participants could familiarize
themselves with the Codabench platform and de-
velop their methods, and a test phase, where perfor-
mance was used to determine the final ranking on
the leaderboard. The results from the development
phase were made available to participants after the
phase concluded, enabling them to further refine
their approaches for the test phase.

5.2.1 Registration

A total of 102 participants registered, out of which
35 teams submitted their predictions. The leader-
board is shown in Table 2.

5.2.2 Competition Timelines

The competition commenced on December 10,
2025, when training and development data were
made available, marking the start of the develop-
ment phase. During this phase, participants famil-
iarized themselves with the Codabench platform
and began developing their systems. The test phase
began on January 15, 2026, when test data was
provided without any ground truth labels. The test
phase concluded on March 18, 2026. The paper
submission deadline was March 29, 2026. Notifi-
cation of acceptance was scheduled for April 28,
2026, with camera-ready papers due by May 12.

6 Participants’ Methods

syuhhh (Shi et al., 2026) proposed a three-stage
progressive training framework on XLM-
RoBERTa-large. The stages comprised: (1)
gaming-domain adaptive MLM pre-training on a
combined corpus of Dota 2 chat, multi-game bal-
anced chat, and Twitter gaming toxicity datasets;

"https://www.codabench.org/competitions/12083/
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(2) multilingual toxicity transfer fine-tuning on
the Jigsaw 2018 dataset across five languages;
and (3) SCL-enhanced end-to-end fine-tuning
with a dual-head architecture (classification
head and projection head) jointly optimized via
class-balanced cross-entropy and supervised
contrastive loss. The system was further enhanced
with DeepSeek-driven short text augmentation,
Claude API-generated long-tailed class synthesis
for minority categories (classes 3—5), Nelder-Mead
threshold optimization, and a minority-focused
three-component ensemble combining the primary
system with ToxicBERT and Claude API outputs.
Their approach achieved a Macro F1 of 0.7041,
ranking 1st among 35 teams, with ablation studies
attributing the largest gains to domain alignment
and toxic transfer (+10.37 points) and LLM-driven
data augmentation (+4.71 points).

FNLP412 (Radulescu, 2026) approached the
GameTox six-class toxicity classification task
through a systematic comparison of seven model
configurations built on top of a TF-IDF logistic
regression baseline. Domain-specific preprocess-
ing included URL and mention normalisation,
repetition reduction, a manually curated slang
map, and LLM-generated synthetic samples
for the severely under-represented Threats
and Extremism classes. The core architecture
progressively moved from XLM-RoBERTa to
MDeBERTa-V3, with the strongest variant first
pre-trained on the Jigsaw Multilingual Toxic
Comment dataset for one epoch before being
fine-tuned on GameTox for five epochs; class-
imbalance was further addressed through stratified
five-fold cross-validation and severity-waterfall
threshold optimisation at inference time. The final
MDeBERTa-V3 system achieved a Macro F1 of
0.6725, placing 2nd on the shared task leaderboard.

thaulab (Guragain et al., 2026) presented a
three-stage neural-symbolic pipeline combining
an ensemble of DeBERTa-v3-base and XLM-
RoBERTa-base with a Linguistically-Informed
Mediator (LIM) that resolves inter-model
disagreements through corpus-backed lexical
normalization, class-conditional unigram scoring,
multilingual profanity detection, and speech-act-
theory-grounded agentive targeting analysis. To
address extreme class imbalance, a two-stage aug-
mentation strategy employed confusion-pair-driven
and contrastive boundary generation using Claude
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Rank Username F1 Macro Accuracy Precision Recall
1 syuhhh-637901 (Shi et al., 2026) 0.7041 0.8982 0.6400 0.7986
2 ramihai-572801 (Radulescu, 2026) 0.6725 0.8992 0.6636 0.6846
3 anmolguragain-637916 (Guragain et al., 2026) 0.6441 0.9062 0.6334 0.6601
4 srikarkashyap-635409 (Pulipaka, 2026) 0.6234 0.8800 0.5864 0.6814
5 akshyatshah-636282 (Shah et al., 2026) 0.6186 0.8902 0.6047 0.6497
6 yinloonkhor-636292 0.5932 0.8925 0.6098 0.5946
7 shrinep-637207 0.5883 0.9031 0.5540 0.6590
8 wangkongqgiang-504685 (Wang et al., 2026) 0.5776 0.9075 0.6847 0.5343
9 dkhonker-536426 0.5749 0.8865 0.6214 0.5815
10 _alexcristea-610819 0.5632 0.8733 0.5652 0.5754
11 akking-609884 0.5563 0.8876 0.5239 0.6002
12 rukesh-shrestha-503743 0.5539 0.8932 0.5599 0.5557
13 nepalshr-637149 0.5512 0.8930 0.5201 0.6476
14 merrli-510969 0.5302 0.8603 0.4798 0.6137
15 xiaotian-518453 0.5301 0.8969 0.5402 0.5291
16 runick_allure-508659 0.5281 0.8772 0.5441 0.5328
17 rohanmainali-491803 0.5192 0.8893 0.5192 0.5221
18 linus-636500 (Ghimire et al., 2026) 0.5104 0.8716 0.5191 0.5134
19 xiaoyu666-603164 0.4984 0.8951 0.5156 0.4884
20 havnis-610798 0.4895 0.8794 0.4766 0.5083
21 giris-585517 0.4878 0.8964 0.5081 0.4895
22 shashi_sah-637803 0.4869 0.8999 0.5001 0.4774
23 wjyyyy-609715 0.4774 0.8953 0.4962 0.4732
24 justdoi-613394 0.4737 0.8973 0.4487 0.5071
25 barkion-610469 0.4726 0.8781 0.4538 0.5002
26 mestecha-623302 0.4686 0.8927 0.4763 0.4950
27 binayakkarki-589485 (Karki et al., 2026) 0.4645 0.8921 0.4647 0.4688
28 syhhh-610772 0.4641 0.7792 0.4198 0.5659
29 exterio-610602 0.4491 0.8443 0.4205 0.5084
30 zmin123-554678 0.4487 0.8506 0.4646 0.4568
31 aryankafle-524077 0.4421 0.8962 0.4490 0.4373
32 liutianyong-605718 0.4413 0.9036 0.4701 0.4219
33 quasar-501127 0.4169 0.6471 0.3943 0.5357
34 alexandru412-511289 0.3783 0.7068 0.3315 0.6432
35 wenbin-520996 0.1558 0.7784 0.1629 0.1653

Table 2: Leaderboard ranked by Macro Fl-score. All scores are presented as percentages (%). Note that this
leaderboard contains the score till the test deadline and does not consider further runs done by participants as a part

of the system description paper.

Opus 4.6. The LIM concentrates corrections on
safety-critical minority classes, yielding a Macro
F1 of 0.6441 and the highest accuracy of 0.9062,
ranking 3rd among 35 teams.

PSK (Pulipaka, 2026) fine-tuned Llama 3.1
8B with LoRA adapters and 4-bit quantization,
augmented by GPT-40-mini-generated paraphrases
targeting minority classes at a carefully calibrated
5% synthetic data ratio.  Structured prompt
templates prepending class definitions were
employed to sharpen category discrimination. The
authors identified a “validation trap” phenomenon
wherein models achieving high validation F1 via
conservative majority-class predictions generalized
poorly to the test set. The final system achieved
a Macro F1 of 0.6234, ranking 4th among 35 teams.

TAGA (Shah et al., 2026) proposed a Token-
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Attribution Guided Attention (TAGA) architecture
that augments a DeBERTa-v3-base encoder with
externally computed toxicity signals to steer
attention toward the most toxicity-indicative
tokens. A leave-one-out perturbation method
using the Detoxify scorer produces per-token
attribution vectors across four channels (toxicity,
threat, insult, identity attack), which are injected
as learned biases into a content-based attention
pooling layer; sentence-level features from two
complementary Detoxify variants are concatenated
to yield the final representation. Preprocessing
handles gaming-specific obfuscation through
leetspeak decoding, expansion of 22 gaming
abbreviations, and regex-based uncensoring,
while training combines focal loss with label
smoothing, an auxiliary token-level MSE loss, and
strategic class-specific oversampling of up to 15x
with text augmentation. A five-phase ablation



study confirmed each component’s incremental
contribution, and the full system achieved a test
Macro F1 of 0.618.

wangkongqiang (Wang et al., 2026) explored both
transformer-based encoder fine-tuning and LLM
instruction tuning. On the encoder side, multiple
pre-trained models—including BERT, RoBERTa,
ERNIE, ALBERT, and SimCSE-RoBERTa—were
fine-tuned with task-specific classification heads,
and a hard-voting ensemble was constructed over
four RoBERTa variants augmented with LSTM
and GRU layers. Additionally, Qwen2 1.5B and
7B Instruct variants were instruction-tuned on
formatted triplets comprising instruction, input,
and expected output. The Qwen2-7B configuration
achieved the best performance with a Macro F1 of
0.5776, ranking 8th position.

LINUS (Ghimire et al., 2026) conducted
a systematic benchmarking of multilingual
transformer encoders - Toxic-XLM-RoBERTa,
XLM-RoBERTa, m-DistilBERT, m-BERT, and
mmBERT-base - on the GameTox fine-grained toxi-
city classification task. All models were fine-tuned
using a customised WeightedTrainer that injects
dynamically computed balanced class weights into
the cross-entropy loss to counteract the severe
class imbalance in the dataset. mmBERT-base,
pre-trained on massively multilingual social
media and informal web corpora, emerged as
the best-performing architecture, achieving a
validation Macro F1 of 0.5882 with a learning rate
of 1e-5 and batch size of 64; however, a substantial
~0.16 F1 generalisation gap on the official test
set (0.4282) highlighted the difficulty posed by
evolving gaming slang and distributional shift
between validation and unseen test interactions.
The system ranked 18th out of 35 participating
teams.

ShriNep (Karki et al., 2026) presented RAKSHAK,
a multi-task DeBERTa-v3-base framework for fine-
grained toxic intent classification in gaming chat.
The system integrated four key innovations: (1)
rationale distillation from Qwen2.5-14B follow-
ing the distill-then-train paradigm, where 5,000
teacher-generated natural-language rationales were
concatenated with input messages during training
but discarded at inference; (2) cross-domain trans-
fer from the Jigsaw Toxic Comment dataset, with
16,225 samples mapped to GameTox Labels 1-4
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via dual-LLM-validated label alignment; (3) 100
LLM-generated synthetic extremism samples pro-
duced through a four-step keyword-mining and
placeholder-injection pipeline to circumvent LLM
safety filters; and (4) dedicated rare-class binary
heads for Threats and Extremism alongside Super-
vised Contrastive Loss on the shared embedding
space, optimized jointly with Focal Loss. RAK-
SHAK achieved a Macro F1 of 0.5883, ranking
7th out of 35 teams, with a three-way ablation at-
tributing +2.6 F1 points to Jigsaw cross-domain
transfer and a further +3.7 points to the multi-task
architectural implementation.

7 Discussion

The submissions to the shared task collectively
demonstrated that fine-grained toxicity detection
in gaming environments remains a challenging yet
rapidly advancing research area. The diversity of
approaches explored by participants highlighted
several recurring methodological trends that proved
effective under severe class imbalance, multilingual
variation, and short noisy utterances.

A major observation across top-performing sys-
tems was the importance of domain adaptation.
Systems that incorporated gaming-specific pretrain-
ing, multilingual toxicity transfer, or external tox-
icity corpora consistently outperformed generic
fine-tuning approaches. In particular, teams lever-
aging staged training pipelines, domain-adaptive
masked language modeling, or transfer learning
from datasets such as Jigsaw achieved substantial
gains in Macro F1-score. These findings reinforce
the importance of aligning pretrained language
models with the linguistic characteristics of gam-
ing communication, including slang, abbreviations,
obfuscations, and highly contextual expressions.

Another common trend among successful sys-
tems was the extensive use of data augmenta-
tion and synthetic sample generation for minor-
ity classes. Since categories such as Threats and
Extremism were severely underrepresented, many
teams relied on large language models to gener-
ate additional training examples, paraphrases, or
rationale-based explanations. The strong perfor-
mance of these approaches suggests that carefully
designed augmentation pipelines can partially mit-
igate long-tail data scarcity. However, they also
raise important questions regarding distributional
realism, annotation consistency, and the risk of
overfitting to synthetic patterns. Several partic-



ipants further showed the value of architectural
specialization for rare toxic categories. Multi-task
learning, dedicated binary heads, supervised con-
trastive learning, token-attribution guidance, and
ensemble-based minority correction mechanisms
all contributed to improved recognition of difficult
classes. These approaches indicate that treating mi-
nority toxic categories as separate optimization ob-
jectives may be more effective than relying solely
on standard multi-class classification losses.

Despite these advances, the leaderboard re-
sults also reveal that substantial challenges remain.
Many systems exhibited high overall accuracy but
comparatively lower Macro F1-scores, reflecting
persistent difficulty in correctly identifying minor-
ity classes. Large generalization gaps between val-
idation and test performance observed in several
submissions further suggest that gaming toxicity
remains highly sensitive to domain shift, evolving
slang, multilingual variation, and contextual am-
biguity. This highlights the need for more robust
evaluation protocols and models capable of better
generalization under realistic deployment condi-
tions. Future work may explore incorporating con-
versational context, temporal interaction patterns,
multimodal player signals, and retrieval-augmented
reasoning to improve toxicity understanding be-
yond isolated utterance classification. Additionally,
explainability, fairness, and bias mitigation remain
important directions for future gaming moderation
systems, particularly given the social consequences
of automated moderation errors.

8 Conclusion

This shared task provided a comprehensive bench-
mark for fine-grained toxicity detection in online
gaming environments using the GameTox dataset.
The competition attracted strong participation and
demonstrated a wide range of effective approaches,
including domain-adaptive pretraining, multilin-
gual transfer learning, LLM-based augmentation,
contrastive learning, and specialized rare-class
modeling strategies. The results highlight both the
progress made and the remaining challenges in de-
tecting nuanced toxic behavior under realistic class
imbalance and domain-shift conditions. We hope
this shared task encourages further research toward
more robust, fair, and reliable toxicity detection
systems for gaming communities.
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Limitations

This shared task has several limitations. First, the
GameTox dataset is derived primarily from World
of Tanks, which may limit generalizability to other
gaming communities and communication styles.
Second, the dataset is highly imbalanced, with very
limited samples for categories such as Threats and
Extremism, making robust learning difficult. Third,
toxicity is often context-dependent, and isolated
utterances may not fully capture sarcasm, implicit
abuse, or conversational intent. Finally, some par-
ticipant systems relied on LLM-generated synthetic
data, which may introduce artifacts or biases not
present in authentic gaming interactions.

Ethical Considerations

Automated toxicity detection systems may produce
both false positives and false negatives, potentially
affecting moderation fairness and user experience.
Biases in pretrained models, annotation processes,
or synthetic augmentation may further impact sys-
tem behavior across different linguistic communi-
ties and communication styles. To reduce privacy
concerns, the dataset was constructed from pub-
licly available chat logs and anonymized through
preprocessing procedures. This shared task is in-
tended solely for research purposes toward devel-
oping safer online gaming environments.
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Abstract

Vaccination-related memes on social media
play an increasingly influential role in shap-
ing public perception of immunization, of-
ten spreading both supportive messaging and
vaccine-critical narratives through multimodal
communication. Detecting such content is chal-
lenging due to the combined use of images,
embedded text, sarcasm, humor, and cultural
references. This paper presents an overview
of the Shared Task on Multimodal Identifica-
tion of Vaccine Critical Content on Social Me-
dia, organized as part of the 9th Workshop
on Event Extraction and Understanding: Chal-
lenges and Applications (EEUCA 2026) at
ACL 2026. The task is based on the VaxMeme
dataset, a large-scale collection of vaccination-
related memes annotated into three classes:
Vaccine-critical, Neutral, and Pro-vaccine. A
total of 77 participants registered for the com-
petition, with 25 teams submitting systems
for evaluation. Participating approaches in-
cluded transformer-based multimodal architec-
tures, vision-language models, ensemble meth-
ods, and instruction-tuned large language mod-
els. The best-performing system achieved a
macro Fl-score of 0.8494. This shared task
provides insights into the strengths and limi-
tations of current multimodal approaches for
vaccine stance detection and highlights future
directions for robust public health misinforma-
tion analysis.

1 Introduction

Social media platforms have become primary are-
nas for public health discourse, where information
about vaccines, treatments, and disease prevention
spreads with unprecedented speed and reach (Shah
et al., 2024b). Among the many forms of digi-
tal communication, memes—multimodal artifacts
that fuse images and embedded text into compact,
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virally shareable units—have emerged as partic-
ularly influential vehicles for shaping public at-
titudes toward vaccination (Naseem et al., 2023;
Ahmad et al., 2025). The COVID-19 pandemic
dramatically illustrated both the promise and the
peril of this medium: while memes proved effective
at promoting awareness and disseminating accu-
rate health information, they also became powerful
conduits for vaccine misinformation, conspiracy
theories, and skepticism that contributed to vaccine
hesitancy and eroded public trust in immunization
programs (Thapa et al., 2024b).

The challenge of identifying vaccine-critical con-
tent in memes is fundamentally compounded by
the medium’s inherent ambiguity. Vaccine-related
memes frequently rely on sarcasm, irony, visual
metaphor, and culturally specific references that
obscure intent and complicate automated analy-
sis (Pramanick et al., 2021). The boundary be-
tween legitimate critical commentary, satirical hu-
mor, and harmful misinformation is often deliber-
ately blurred, with hateful or misleading content
embedded within seemingly benign visual frames
(Shah et al., 2024a). Single-modality approaches—
whether text-only or image-only—consistently fail
to capture this layered communicative intent, as
the meaning of a vaccine-related meme typically
emerges from the interplay between its visual and
textual components rather than from either modal-
ity in isolation. This makes vaccine-critical content
detection a paradigmatic case for multimodal rea-
soning, requiring systems to jointly interpret visual
cues, embedded text, surrounding captions, and
broader sociocultural context.

Despite the public health importance of this prob-
lem, computational resources for vaccine-critical
meme detection remain limited. Most prior work
on health misinformation has focused on text-only

Proceedings of the 9th Workshop on Event Extraction and Understanding: Challenges and Applications, pages 17-25
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analysis of social media posts (Karafillakis et al.,
2021). The scarcity of large-scale, publicly accessi-
ble, and richly annotated multimodal benchmarks
has hindered systematic progress, particularly for
capturing the diverse and evolving repertoire of
vaccine-critical narratives that circulate across so-
cial media platforms.

To address these gaps, we present the Shared
Task on Multimodal Identification of Vaccine
Critical Content on Social Media, organized as
part of the 9th Workshop on Event Extraction
and Understanding: Challenges and Applications
(EEUCA 2026) (Hiirriyetoglu et al., 2026), co-
located with ACL 2026. The task is built upon the
VaxMeme dataset (Naseem et al., 2023), a corpus
of over 10,000 manually annotated vaccination-
related memes spanning multiple platforms and
timelines, designed specifically to support the de-
velopment of multimodal vaccine-critical content
detection systems. Participating systems are re-
quired to classify each meme into one of three cat-
egories: (1) Vaccine Critical: memes that criticize
vaccines, contain vaccine misinformation, propa-
gate conspiracy theories, or argue against vacci-
nation, (2) Neutral: memes that report vaccine-
related events or opinions objectively without tak-
ing a stance, or (3) Pro-Vaccine: memes that ad-
vocate for vaccination, promote awareness, or sup-
port immunization efforts. The task is evaluated
using macro-averaged F1-score to ensure balanced
performance across the three classes despite their
natural distributional differences.

The shared task attracted a diverse range of
participating teams employing both text-centric
and multimodal approaches for vaccine stance
classification. Submitted systems explored a va-
riety of strategies, including transformer-based
architectures, vision-language modeling, multi-
modal fusion techniques, ensemble methods, and
instruction-tuned large language models. The di-
versity of submissions highlights the growing in-
terest in multimodal public health content analy-
sis and provides useful insights into the strengths
and limitations of current approaches for vaccine-
related meme understanding. This paper provides
a comprehensive overview of the shared task, in-
cluding a detailed description of the VaxMeme
dataset and its annotation protocol, the evaluation
methodology, summaries of the participating sys-
tems and their methodologies, and an analysis of
the results. Through this shared task, we aim to
advance the state of multimodal vaccine-critical
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content detection, support myth-debunking efforts,
and contribute to the design of more effective pub-
lic health communication strategies on social media
platforms.

2 Related Works

Stance detection classifies whether a given text or
image expresses support, opposition, or neutrality
toward a specified target, distinguishing it from gen-
eral sentiment analysis in that the inferred position
is inherently relational and target-conditioned (Shi-
wakoti et al., 2024; Thapa et al., 2024a). Early work
showed that stance can benefit from discourse-level
information, since agreement and disagreement be-
tween utterances provide useful evidence beyond
isolated lexical features (Thomas et al., 2006). The
field has since expanded to social media, where
short, informal, and context-dependent posts make
stance recognition challenging due to implicit tar-
gets, sarcasm, and limited conversational context
(Kiigiik and Can, 2020). However, most detec-
tion tasks remain primarily text-based, which limits
their applicability to memes where stance may be
encoded through visual framing, image-text incon-
gruity, or culturally specific references (Kiigiik and
Can, 2020; Kiela et al., 2020).

Research on misinformation detection has shown
that misleading content can often be identified
through linguistic, stylistic, and factuality-related
cues, but such approaches usually focus on verac-
ity rather than stance toward a public-health tar-
get (Rashkin et al., 2017). Vaccine misinforma-
tion is particularly consequential, as exposure via
social media and coordinated online disinforma-
tion campaigns have been empirically associated
with diminished vaccine confidence and elevated
vaccine hesitancy (Wilson and Wiysonge, 2020).
Experimental evidence further shows that expo-
sure to COVID-19 vaccine misinformation can re-
duce vaccination intent, demonstrating the public-
health importance of detecting harmful vaccine nar-
ratives online (Loomba et al., 2021). Nevertheless,
vaccine-critical content subsumes misinformation,
encompassing expressions of distrust, opposition,
conspiracy framing, sarcasm, and satire that do
not necessarily advance a directly verifiable factual
claim (Rashkin et al., 2017; Loomba et al., 2021).

Multimodal meme analysis has established that
image and text require joint interpretation, as each
modality in isolation may appear benign while
their combination conveys harmful or oppositional



meaning (Kiela et al., 2020; Thapa et al., 2025).
Pramanick et al. (2021) demonstrated that harmful
meme detection is improved by jointly modeling
global meme-level context and local visual-textual
cues, underscoring the necessity of fine-grained
multimodal representations. In the vaccine domain,
VaxMeme introduced a large manually annotated
dataset of vaccine-critical memes and demonstrated
that multimodal modeling is necessary for captur-
ing the contextual and visual-textual signals present
in vaccine discourse (Naseem et al., 2023). How-
ever, prior multimodal meme studies have largely
focused on hate, harm, or binary misinformation
labels, leaving a gap for systematic evaluation of
multi-class vaccine content in social media memes
(Kiela et al., 2020; Pramanick et al., 2021; Naseem
et al., 2023).

Transformer-based language models such as
BERT and RoBERTa established strong general-
purpose representations for downstream NLP clas-
sification through large-scale pretraining and task-
specific fine-tuning (Devlin et al., 2019; Liu et al.,
2019). Vision-language transformers such as ViL-
BERT (Lu et al., 2019), VisualBERT (Li et al.,
2019), and UNITER (Chen et al., 2020) extended
this paradigm to multimodal learning by jointly en-
coding visual regions and textual tokens through
cross-modal attention or image-text pretraining
objectives. Contrastive and generative vision-
language models such as CLIP (Radford et al.,
2021), Flamingo (Alayrac et al., 2022), and BLIP-
2 (Li et al., 2023) further improved transferability,
few-shot adaptation, and instruction-following ca-
pabilities by scaling image-text supervision and
integrating pretrained language models with visual
encoders. Despite these advances, the classification
task in the vaccine dataset remains non-trivial, as
OCR noise, sarcasm, visual metaphor, and rapidly
evolving sociopolitical narratives collectively un-
dermine models trained on generic image-text cor-
pora. The shared task features a multimodal dataset
designed to engage the research community and
encourage investigation into the identification and
analysis of vaccine-critical content on social media
platforms.

3 Shared Task Description

This shared task focuses on the automated under-
standing of vaccination-related memes through a
multimodal lens, targeting the detection of vaccine
stance in online content.
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Task: Vaccine Stance Classification. Given a
meme consisting of an image and associated tex-
tual content, participating systems must classify its
stance towards vaccination into one of three cate-
gories: Pro-vaccine, Vaccine-critical, or Neutral.
Pro-vaccine memes promote vaccination, highlight
its benefits, or encourage positive health behaviors.
Vaccine-critical memes express skepticism, opposi-
tion, or criticism towards vaccines, which may in-
clude misinformation, conspiracy narratives, or sar-
castic undermining of vaccination efforts. Neutral
memes present vaccination-related content without
a clear stance, often conveying informational or
ambiguous messages.

The task was evaluated using a macro-averaged
F1-score to ensure balanced performance across
all classes, particularly in the presence of class
imbalance.

4 Dataset

The shared task is based on the VaxMeme dataset
(Naseem et al., 2023; Thapa et al., 2026), a large-
scale multimodal collection of vaccination-related
memes. The dataset consists of 10,244 memes
collected from Twitter, where each instance con-
tains both an image and associated textual content
(including OCR-extracted text when embedded in
images).

4.1 Data Collection and Annotation

The dataset was constructed by collecting tweets
containing both images and text between Octo-
ber 2020 and April 2021 using the Twitter APL.
Non-English content was excluded. Each meme
was annotated by multiple human annotators with
strong linguistic proficiency, following detailed an-
notation guidelines. Disagreements were resolved
via majority voting with an additional annotator
when required. The annotation quality is high,
with substantial inter-annotator agreement (Fleiss’
rk = 0.89).

Each meme is labeled into one of three stance
categories: Vaccine-critical (0), Neutral (1), and
Pro-vaccine (2).

4.2 Dataset Split

For the shared task, the dataset is split into training,
validation, and test sets using an 80/10/10 ratio.
The splits are designed to maintain a realistic and
slightly imbalanced class distribution.

As shown in Table 1, class distribution reflects
real-world conditions, where pro-vaccine content



Label Train  Val Test  Total
Vaccine-critical 2535 308 314 3157
Neutral 2461 327 316 3104
Pro-vaccine 3199 389 395 3983
Total 8064 1025 1024 10113

Table 1: Dataset statistics for the shared task.

is slightly more prevalent, while vaccine-critical
and neutral memes appear in comparable propor-
tions. This subtle imbalance makes the task more
realistic and encourages the development of robust
multimodal models.

S Evaluation and Competition

This section describes the structure of our competi-
tion, along with the methodology used to determine
ranks and other relevant details.

5.1 Evaluation Metrics

To evaluate the effectiveness of the participants’
contributions, we used four metrics: macro F1-
score, accuracy, precision, and recall. The partici-
pants’ final ranks were determined using the macro
F1-score as the primary ranking metric.

5.2 Competition Setup

We used Codabench' to organize our competition.
The competition consisted of two phases: a devel-
opment phase, where participants could familiarize
themselves with the Codabench platform and de-
velop their methods, and a test phase, where perfor-
mance was used to determine the final ranking on
the leaderboard. The results from the development
phase were made available to participants after the
phase concluded, enabling them to further refine
their approaches for the test phase.

5.2.1 Registration

A total of 77 participants registered, out of which
25 teams submitted their predictions. The leader-
board is shown in Table 2.

5.2.2 Competition Timelines

The competition commenced on December 10,
2025, when training and development data were
made available, marking the start of the develop-
ment phase. During this phase, participants famil-
iarized themselves with the Codabench platform
and began developing their systems. The test phase

"https://www.codabench.org/competitions/12085/
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began on January 15, 2026, when test data were
provided without any ground truth labels. The test
phase concluded on March 18, 2026. The paper
submission deadline was March 29, 2026. Notifi-
cation of acceptance was scheduled for April 28,
2026, with camera-ready papers due by May 12,
2026.

6 Participants’ Methods

LilyMeme (Li, 2026) built upon the MemeCLIP
framework (Shah et al., 2024a), introducing a series
of targeted enhancements for the VaxMeme vac-
cine stance detection task. The input is restructured
using a [POST]/[IMG] template that explicitly
separates post text from OCR-extracted image
text, with [NO_POST] and [NO_OCR] markers for
missing modalities, and the original element-wise
fusion is replaced by a lightweight two-layer,
eight-head cross-modal Transformer that models
token-level image—text interactions. Training is
further strengthened through noise-aware sample
weighting, which derives per-instance confidence
scores via nearest-neighbour consistency analysis
and downweights ambiguous or likely mislabelled
samples, and an auxiliary LLM description branch
using Qwen2.5-VL-7B-Instruct that supplements
memes with poor OCR quality. Inference-stage
refinement combines test-time augmentation with
a retrieval-augmented k-nearest-neighbour prior
interpolated against the parametric model output,
and the final submission ensembles multiple
complementary variants trained across different
cross-validation folds and visual backbones (CLIP
ViT-L/14 and EVA02-L-14). The system achieved
a macro F1 of 0.8494, securing 1st place overall.

CUET_SYNTHETICA (Zaman et al.,, 2026)
proposed a gated cross-modal attention framework
combining Twitter-RoBERTa for text encoding
with CLIP ViT-L/14 for visual feature extraction.
Textual inputs concatenated post-text with OCR-
extracted meme overlay text, while both modalities
were projected into a shared 512-dimensional
fusion space. A learned scalar gate dynamically
balanced cross-attended image representations
against raw text features, suppressing uninforma-
tive visual signals. Final predictions were produced
via a three-model weighted ensemble incorporating
a text-only classifier, the full multimodal model,
and a variant retrained on combined training and
validation data. Their system achieved a test
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Rank  Username F1 Macro  Accuracy Precision Recall
1 1ili12-637947 (Li, 2026) 0.8494 0.8517 0.8494  0.8517
2 wangxiuxian-637268 0.8389 0.8420 0.8386  0.8409
3 rishta_19-611897 (Zaman et al., 2026) 0.8357 0.8390 0.8383 0.8359
4 _alexcristea-636983 (Cristea and Ionescu, 2026) 0.8340 0.8380 0.8338 0.8351
5 sumaiya_110-594217 (Zaman et al., 2026) 0.8332 0.8361 0.8345 0.8340
6 anchy-637928 0.8308 0.8341 0.8309  0.8309
7 myname-637930 0.8308 0.8341 0.8309  0.8309
8 quasar-637336 (Chowdhury and Chowdhury, 2026) 0.8306 0.8322 0.8331 0.8324
9 wenbin-634065 (Shen, 2026) 0.8205 0.8244 0.8205 0.8218
10 naturia_beast-636958 0.8201 0.8244 0.8212  0.8209
11 vinaybabu-637935 0.8184 0.8215 0.8216  0.8190
12 ratpier-637076 0.8150 0.8176 0.8170  0.8161
13 yjwong1999-494691 0.8122 0.8137 0.8189  0.8141
14 linus-637363 (Acharya and Regmi, 2026) 0.8105 0.8137 0.8106  0.8123
15 havnis-636808 0.8067 0.8117 0.8080  0.8083
16 alishba-wazir-604227 0.8067 0.8088 0.8132  0.8071
17 zmin123-553584 0.7997 0.8039 0.8005 0.8013
18 1in123-637530 0.7994 0.8039 0.7992  0.8007
19 barkion-636765 0.7976 0.7990 0.8080  0.7986
20 merrli-636903 0.7972 0.7990 0.8058 0.7982
21 exterio-636705 0.7861 0.7912 0.7964  0.7846
22 abs123-504332 0.7846 0.7912 0.7868 0.7864
23 thatgrass-519137 0.7754 0.7844 0.7858 0.7802
24 wangkongqiang-637899 (Wang et al., 2026) 0.7552 0.7600 0.7652 0.7560
25 kannanrrk-615633 0.7436 0.7502 0.7435 0.7437

Table 2: Leaderboard ranked by Macro Fl-score. All scores are presented as percentages (%).

Note that this

leaderboard contains the score till the test deadline and does not consider further runs done by participants as a part

of the system description paper.

Macro F1 of 0.8357, ranking 3rd overall.

_alexcristea (Cristea and Ionescu, 2026) proposed
a text-only early-fusion pipeline that skips visual
encoders, instead extracting embedded meme
text via OCR and concatenating it with the social
media post before processing the unified sequence
through an ERNIE-2.0-Large encoder. To reduce
overfitting on noisy, label-ambiguous meme data,
the standard classification head was replaced with a
Multi-Sample Dropout architecture using five par-
allel dropout masks, acting as an implicit ensemble
within a single forward pass. Trained with inverse
class-weighted Cross-Entropy loss, the system
achieved a Macro F1 of 0.8340, ranking 4th overall.

Quasar (Chowdhury and Chowdhury, 2026)
presented a comprehensive ablation-driven system
for three-class vaccine stance detection in social
media memes, systematically evaluating text-only
models (TF-IDF, BERT, RoBERTa, and DeBERTa
variants), image-only models (ResNet-50, ViT,
Swin, ConvNeXt, EfficientNet, CLIP Vision), and
multimodal models (CLIP, BLIP, LLaVA) across
multiple preprocessing and augmentation config-
urations. A domain-specific text normalisation
pipeline preserves stance-indicative tokens such
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as emojis and hashtags, images are uniformly
enhanced via contrast, brightness, and sharpness
scaling, and balanced class oversampling —
identified as the single most impactful intervention,
adding approximately 4—5 macro F1 points across
all model families — is applied to address the
moderate class imbalance in the VaxMeme dataset.
The final system combines DeBERTa-v3-large,
RoBERTa-large, and CLIP multimodal (ViT-B/32)
via soft voting with weights proportional to
individual validation macro F1, achieving a
macro F1 of 0.8306 and placing 8th out of 25
participating teams.

wenbin-634065 (Shen, 2026) introduced
MoEs-VaxAgent, a hybrid discriminative-
generative pipeline addressing both standard and
boundary-ambiguous meme samples. Feature
extraction draws on RoBERTa, ViT, CLIP, and
Sentence-BERT, with the last encoder process-
ing domain-relevant passages retrieved from
MMCoVaR as external knowledge, producing
five modality-specific expert representations
dynamically aggregated via a learnable Top-2
gating network. Samples where the Mixture-of-
Experts (MoE) classifier yields low-confidence
predictions are subsequently re-evaluated by a



trio of LLM agents, namely a text agent, a visual
agent, and a judge agent for conflict resolution,
before a final label is assigned. The framework
achieved a Macro F1 of 0.8205, ranking 9th overall.

Linus (Acharya and Regmi, 2026) compared
text-only and multimodal late-fusion approaches
for vaccine-critical meme classification using a
shared three-layer feedforward classification head
across all configurations. The multimodal systems
combined CLIP ViT-B/32 image features with
BERT-family text encoders via L2-normalized
concatenation, while the text-only systems
fine-tuned five encoders, namely BERT-base-
uncased, RoBERTa-base, ModernBERT-base,
DistilBERT-base, and DeBERTa-v3-base, on post
text alone. Contrary to expectations, text-only
models consistently outperformed their multimodal
counterparts, with BERT-base-uncased achieving
the best test Macro F1 of 0.8102, ranking 14th
overall.

wangkongqgiang (Wang et al., 2026) explored a
wide range of supervised learning approaches for
the multimodal identification of vaccine-critical
content, evaluating both fine-tuned pre-trained
transformer encoders and instruction-tuned
large language models. The pre-trained model
branch included ALBERT, BERT, ERNIE, and
RoBERTa variants, with additional architectural
augmentations such as RNN, CNN, and LSTM
layers stacked on top of RoBERTa, and a hard
voting ensemble over the four strongest vari-
ants. The LLM branch fine-tuned Qwen2-1.5B,
Qwen2-7B, Llama2-7B, and Llama3-8B using the
Llama-Factory framework with prompts composed
of post text, image text, and selectable label types.
The best-performing system was the fine-tuned
Qwen2-1.5B LLM, achieving a Macro F1 of
0.8153, accuracy of 0.8185, and ranking 12th over-
all, demonstrating that smaller instruction-tuned
LLMs can compete with larger variants when
computational resources are constrained.

CSECU-Learners (Ahmad and Uddin, 2026)
proposed a two-stage early fusion framework
integrating three transformer-based encoders for
vaccine-critical meme detection. The architecture
combined Twitter-RoBERTa for textual encoding,
Vision Transformer (ViT) for visual feature
extraction, and Vision-and-Language Transformer
(VILT) for joint cross-modal representations. In
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Stage 1, the pooler outputs of RoBERTa and
ViT were combined via performance-weighted
summation with weights derived from validation
rankings; in Stage 2, this visual-contextualized rep-
resentation was concatenated with the ViLT pooler
output and passed through a linear classification
layer. To mitigate class imbalance, the system
was trained with Focal Loss. Their approach
achieved a Macro F1 of 0.8308 and accuracy of
0.8341, ranking 6th overall. Ablation studies
confirmed that the Stage 1 RoBERTa-ViT fusion
contributes most substantially to performance,
partly by compensating for VILT’s restrictive
40-token sequence length limit.

7 Discussion

The submitted systems demonstrate the continued
importance of multimodal reasoning for under-
standing vaccine-related discourse on social media.
Most high-performing teams combined textual and
visual representations through transformer-based
architectures, cross-modal attention mechanisms,
or ensemble strategies, highlighting that vaccine
stance in memes is rarely conveyed through a sin-
gle modality alone. In many cases, the interac-
tion between image context, embedded OCR text,
and accompanying captions was necessary for cor-
rectly identifying sarcasm, misinformation, or sub-
tle stance cues.

A notable trend among top-performing submis-
sions was the strong reliance on pretrained vision-
language models and domain-adapted language en-
coders. Several teams incorporated CLIP-based vi-
sual representations, Twitter-domain RoBERTa en-
coders, or instruction-tuned large language models,
suggesting that pretrained multimodal knowledge
transfers effectively to vaccine-critical meme anal-
ysis. Additionally, ensemble methods and hybrid
fusion strategies consistently improved robustness,
particularly for ambiguous or noisy samples.

Interestingly, some text-only systems remained
highly competitive, occasionally outperforming
more complex multimodal architectures. This sug-
gests that OCR-extracted textual content and asso-
ciated captions contain substantial stance-related
information in the VaxMeme dataset. However,
purely text-based approaches may struggle in cases
where stance is conveyed implicitly through vi-
sual symbolism, irony, or image-text incongruity.
The results therefore indicate that while textual



information remains dominant in many instances,
multimodal integration provides complementary
contextual signals that improve generalization and
robustness.

The competition also highlighted several persis-
tent challenges. Vaccine-related memes often con-
tain sarcasm, cultural references, visual metaphors,
and low-quality OCR text, all of which complicate
reliable classification. Furthermore, the evolving
nature of online vaccine discourse means that mod-
els trained on static datasets may face distributional
shifts over time. Many systems also relied heav-
ily on large pretrained models, raising concerns
regarding computational efficiency, accessibility,
and reproducibility.

Future work can explore several promising direc-
tions. First, retrieval-augmented and knowledge-
grounded systems may help models reason about
evolving public health narratives and misinforma-
tion trends. Second, finer-grained explainability
methods could improve transparency by identifying
which textual or visual elements contribute most
strongly to predictions. Third, multilingual and
cross-cultural extensions of vaccine meme datasets
would improve the applicability of these systems
beyond English-speaking contexts. Finally, more
robust handling of sarcasm, implicit stance, and
adversarial meme constructions remains an impor-
tant open research challenge for multimodal public
health content analysis.

8 Conclusion

This shared task presented a benchmark for mul-
timodal vaccine stance classification using the
VaxMeme dataset and attracted a diverse range
of approaches spanning transformer ensembles,
vision-language models, and instruction-tuned
LLMs. The results demonstrate that multimodal
modeling remains highly effective for identify-
ing vaccine-critical content, while also revealing
the continued strength of carefully designed text-
centric approaches. Through this shared task, we
hope to encourage further research into multimodal
public health content understanding, misinforma-
tion detection, and socially responsible Al systems
for online discourse analysis.

Limitations

This shared task has several limitations. First, the
dataset consists only of English-language memes
collected from Twitter during a specific period of
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the COVID-19 pandemic, limiting generalizability
across languages, cultures, and platforms. Second,
vaccine-related memes often rely on sarcasm, hu-
mor, and cultural references that remain difficult
for current multimodal systems to interpret reliably.
OCR quality and noisy embedded text may also
affect model performance. Finally, leaderboard
metrics such as macro F1-score do not fully cap-
ture robustness, fairness, or real-world deployment
challenges.

Ethical Considerations

This shared task involves the analysis of vaccine-
related social media content, including misinfor-
mation and conspiracy-oriented memes. While
such systems may support public health research
and misinformation analysis, incorrect predictions
could misclassify satire, political commentary, or
legitimate criticism. The dataset contains publicly
shared social media content and should be used
responsibly and only for research purposes. We
also acknowledge that multimodal content analy-
sis systems may introduce societal risks if used
for surveillance or automated censorship without
appropriate human oversight.
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Abstract

Event extraction for low-resource languages
such as Vietnamese is limited by the lack of
large-scale annotated data. To address this, we
propose a weakly supervised framework that
constructs a silver corpus via pseudo-labeling.
We introduce a cross-document n-ary relation
filtering strategy to reduce noise by leveraging
consistency across multiple articles describing
the same event, and further enhance data di-
versity with schema-based augmentation. Ex-
periments on the BKEE benchmark show con-
sistent improvements, demonstrating the effec-
tiveness of our approach. Data is available at:
https://github.com/Larken1612/VietEE2.

1 Introduction

Event Extraction (EE) is a fundamental and chal-
lenging task in Information Extraction, aiming to
identify structured representations of events de-
scribed in unstructured text (Xiang and Wang,
2019). An event is typically defined as an oc-
currence that takes place at a specific time and
location, involving one or more entities and often
associated with a change of state. Accordingly, EE
seeks to detect and structure event-related informa-
tion from text, including event triggers and their
associated arguments (Jurafsky and Martin, 2026).

A common end-to-end formulation of EE de-
composes the task into three subtasks (Walker et al.,
2006; Liu et al., 2020; Xiang and Wang, 2019): (i)
Entity Mention Detection (EMD), which identifies
and classifies mentions of real-world entities such
as persons, organizations, locations, and tempo-
ral expressions; (ii) Event Detection (ED), which
identifies event triggers-words or phrases that indi-
cate the occurrence of events, and classifies them
into predefined event types. (iii) Event Argument
Extraction (EAE), which identifies entities partic-

* Co-first authors.
¥ Corresponding authors.

26

ipating in each event and assigns them semantic
roles. Figure 1 illustrates an example of EE.

EE remains challenging due to the complex-
ity of event structures and the diverse interactions
among their components, motivating a variety of
approaches (Kontostathis et al., 2004; Xiang and
Wang, 2019). Traditional pipeline-based methods
decompose EE into sequential subtasks, i.e., EMD,
ED and EAE, where each component is modeled
independently. While this modular design allows
for task-specific optimization, it suffers from error
propagation, as mistakes in earlier stages (e.g., in-
correct entity or trigger detection) can adversely
affect downstream predictions. To mitigate this
issue, recent studies have explored joint learning
approaches that model entities, event triggers, and
arguments simultaneously, thereby capturing their
interdependencies and reducing cascading errors
(Nguyen et al., 2021; Wadden et al., 2019; Lin
et al., 2020). In this work, we follow this line of
research as a strong EE baseline.

Vietnamese EE remains challenging due to its
linguistic characteristics, including the lack of ex-
plicit word boundaries, strong contextual ambigu-
ity, and the prevalence of multi-word event triggers.
These factors make accurate detection of entities
and events more difficult. Beyond linguistic chal-
lenges, a major bottleneck for Vietnamese EE lies
in the scarcity of large-scale annotated data. The
recently proposed BKEE dataset (Nguyen et al.,
2024), although pioneering, is relatively small and
lacks sufficient diversity to cover complex real-
world event structures. This limitation significantly
restricts the performance of data-driven approaches
and motivates the need for scalable alternatives.

Our contributions are as follows. First, we con-
struct a large-scale silver corpus for Vietnamese
EE using pseudo-labeling, enhanced by a cross-
document n-ary relation filtering strategy to im-
prove label quality. Building upon this resource, we
propose a weakly supervised joint learning frame-
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Figure 1: An example

work and demonstrate its effectiveness through
baseline experiments on the BKEE benchmark.

2 Related Work

Existing approaches for EE can be broadly catego-
rized into pipeline and joint learning methods (Xie
et al., 2021). Pipeline approaches decompose the
task into subtasks such as entity mention detec-
tion, event detection, and argument extraction, but
suffer from error propagation across stages. To
address this issue, joint learning models such as
DyGIE++ (Wadden et al., 2019), OnelE (Lin et al.,
2020) have been proposed to jointly model multi-
ple components of EE. However, these models still
have limitations in capturing complex dependen-
cies across tasks and instances. FourlE (Nguyen
et al., 2021) further improves joint learning by ex-
plicitly modeling inter-task dependencies through
instance interaction and type dependency graphs.
In this work, we adopt FourlE as the backbone
model due to its strong performance and ability
to capture structured dependencies, and focus on
improving data quality via weak supervision.
Although EE has been extensively studied, most
prior work focuses on high-resource languages
such as English and Chinese, supported by large-
scale datasets like MAVEN (Wang et al., 2020),
RAMS (Ebner et al., 2020), and WikiEvents (Li
etal.,2021). Multilingual benchmarks such as ACE
2005 (Walker et al., 2006) and TAC KBP (Mita-
mura et al., 2017) have further facilitated cross-
lingual research. However, resources for low-
resource languages remain limited. In particular,
Vietnamese lacks large-scale annotated datasets for
EE, with BKEE (Nguyen et al., 2024) being one of
the few available resources, which significantly re-
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stricts the development of data-driven approaches.

Weakly supervised learning has emerged as a
promising paradigm for EE, leveraging various
forms of incomplete, inexact, or imprecise super-
vision signals to reduce annotation costs. Dis-
tant supervision generates training data by aligning
text with external knowledge sources (e.g., Araki
and Mitamura (2018)). While scalable, this ap-
proach depends on the availability of knowledge
bases and often introduces noisy labels, as the pres-
ence of trigger words does not necessarily imply
actual events. Semi-supervised approaches lever-
age both labeled and unlabeled data to improve
EE. Huang and Ji (2020) learn latent representa-
tions for unseen event types, Ferguson et al. (2018)
use self-training methods to generate pseudo-labels
for unlabeled data. However, these methods are
sensitive to pseudo-label quality, as errors can be
reinforced during training. Recent work explores
pseudo-labeling strategies to construct silver cor-
pus. Yao et al. (2020) generate seed event pairs
using heuristic patterns and refine them via se-
mantic consistency before expanding with a trained
classifier. However, these approaches mainly rely
on local contextual signals, which may introduce
noise for complex event structures. Data augmen-
tation techniques have also been explored to im-
prove model robustness and data diversity, includ-
ing back-translation (Xie et al., 2020), synonym re-
placement (Dai and Adel, 2020), contextual rewrit-
ing (Yang et al., 2019), and schema-based gener-
ation (Jin and Ji, 2024). These methods typically
preserve existing labels and operate at the sentence
level, without explicitly addressing the quality of
supervision signals. Our proposed method com-
bines pseudo-labeling and self-training idea, reduce
noise by exploiting cross-document consistency



and further incorporate a schema-based data aug-
mentation strategy to improve data diversity while
preserving structural validity.

3 Silver Corpus Construction

The silver corpusset construction process is il-
lustrated in Figure 2. It consists of three main
phases: data preparation, cross-document filtering
and schema-based data augmentation.

3.1 Data Preparation

We collect a large-scale corpus of unlabeled Viet-
namese news articles and organize them into groups
based on shared topics or underlying events to sup-
port silver corpus construction. We leverage two
widely used news aggregation platforms, Bdo Mdi'
and Google News?, which continuously collect and
categorize news articles from multiple sources, pro-
viding topic-level grouping of semantically related
documents.

We retain their topic assignments to form doc-
ument groups and segment each article into sen-
tences. As a result, we obtain a collection of sen-
tence sets, where each set corresponds to a group of
documents discussing a similar topic. In total, our
dataset comprises approximately 72,000 articles,
organized into more than 300 topic-based groups,
yielding 2,673,796 unlabeled sentences.

To obtain initial annotations, we use BKEE event
extraction model (Nguyen et al., 2024) to pro-
duce coarse-grained annotations for each sentence,
including candidate event triggers and argument
roles. This step results in a pseudo-labeled corpus
that serves as input for subsequent refinement via
cross-document filtering.

3.2 Cross-document Filtering

Pseudo-labeled data obtained from the previous
stage inevitably contains noise due to model errors
and domain mismatch. Based on the observation
that real-world events are often reported by multi-
ple news sources, resulting in multiple mentions of
the same event across different articles, we propose
a cross-document filtering strategy to improve an-
notation quality (see Table 5 in Appendix A for an
example of sentences from different articles within
the same topic may describe the same event with
consistent triggers and arguments). This cross-
document consistency provides a strong signal for

"https://baomoi.com
“https://news.google.com/home?hl=vi&gl=VN
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distinguishing reliable event structures from noisy
predictions.

Given a group of documents discussing the same
topic, we first extract n-ary relations from pseudo-
labeled sentences. Each relation is defined by an
event trigger and its associated arguments (e.g.,
time, location, participants), as predicted by the
BKEE model (see Table 6 in Appendix A for ex-
amples of n-ary relations extracted from pseudo-
labeled sentences within a topic).

We aggregate these relations across documents
within the same group and retain those that appear
frequently. To implement this approach, we apply
frequency-based filtering at two levels. First, for
each event type et;, we retain only those appearing
in at least p sentences within the group, i.e.,

ey

Second, for each n-ary relation 7; associated with
event type et;, we retain it only if its occurrence
count exceeds an adaptive threshold 6;:

count(|R;[,m) > p.

2

Let A; denote the occurrence counts of all can-
didate n-ary relations associated with et;. We com-
pute the interquartile range (IQR) of A; to measure
the variability of relation frequencies. If the IQR is
sufficiently small relative to the minimum count,
ie.,

count(|ri|, R;) > 0;.

min(A;)
P 3)
where A\ = 3, we consider the relation frequen-
cies to exhibit low variability and set ; = 0. Oth-
erwise, the threshold is defined as:

IQR(A;) <

min(A;) —12— max(A4;) . @
Finally, we select all sentences that contain at
least one such relation to construct the filtered
corpus. This process effectively filters out noisy
pseudo-labels while preserving frequently observed
and contextually consistent event structures, result-
ing in a higher-quality silver-standard dataset. After
cross-document filtering phase, we obtain a total of
15,260 qualified sentences in the filtered corpus.

0; =

3.3 Schema-based Data Augmentation

While filtering improves data quality, it does not
increase structural diversity. We therefore intro-
duce schema-based augmentation to generate di-
verse yet structurally valid event instances. This
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Figure 2: Silver corpus construction process.

phase adopts a sentence-level schema-based data
augmentation strategy that introduces structural
constraints during generation. Inspired by prior
work (Jin and Ji, 2024), we adapt it to a setting
where events are expressed within isolated sen-
tences rather than across consecutive sentences.

Schema extraction: Since a sentence may con-
tain multiple event triggers, we extract an event
schema based on the triggers and their associated
arguments. Figure 3 illustrates an example of such
a schema, capturing the structural pattern of events
and their contextual arguments, serving as an ab-
stract template for data augmentation.

Schema diversification: To increase diversity,
we construct new schemas from existing ones. For
sentences containing multiple events, we decom-
pose them into substructures and recombine them
to form new event configurations. For sentences
with a single event, we extend the schema by in-
troducing additional arguments (e.g., Time, Place)
when they are absent, ensuring that the resulting
structures remain contextually valid. We represent
schemas as structured graphs, where nodes cor-
respond to event triggers and argument roles. To
instantiate these schemas, we build a mapping M
from event and entity types to candidate surface
forms, collected from both internal (labeled data)
and external sources. We sample from this pool
to assign concrete values to each node, producing
diverse realizations of the same structural pattern.
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Schema-based data generation: The instantiated
schema is serialized into a structured format (e.g.,
JSON) and used as input to an LLM (GPT-40) for
sentence generation. For schemas containing mul-
tiple events, the order of event instances is random-
ized to increase diversity. The generated sentences
are then automatically annotated by aligning them
with the schema, where matched spans are assigned
their corresponding event and argument labels, en-
suring structural consistency. This process ensures
that the generated data remains structurally valid
while introducing diverse surface realizations. The
final silver corpus is expanded to 46,240 sentences.

4 Proposed Weakly Supervised Event
Extraction Model

We build our framework upon the FourlE architec-
ture (Nguyen et al., 2021), which jointly performs
event mention detection (EMD), event detection
(ED), and event argument extraction (EAE) over
an input sentence w [wi, ..., w,]. We adopt
this model as a backbone without modifying its
core architecture, and focus on improving perfor-
mance through enhanced training data constructed
via weak supervision. The architecture comprises
three phases: Span Detection, Instance Interaction,
and Type-aware Regularization, as illustrated in
Figure 4.
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4.1 Span Detection

This module identifies entity mentions and event
triggers from an input sentence to form nodes for
the subsequent interaction graph. We formulate
this step as a sequence labeling task using the BIO
scheme, where each token is assigned one of three
tags: B (Begin), I (Inside), or O (Outside). Unlike
conventional named entity recognition, this stage
does not predict specific entity or event types.
Given an input sentence w, a pretrained encoder
(i.e, PhoBert (Nguyen and Nguyen, 2020) or XLM-
RoBERTa (Conneau et al., 2019)) produces con-
textual representations X = [z1,...,2,]. These
representations are then fed into two Conditional
Random Fields layers to decode the optimal BIO
tag sequences for entity mentions and event trig-
gers, respectively. The model is trained by min-

imizing the negative log-likelihood losses nggﬁy

A
and Lsgi%“.
4.2 Instance Interaction

Given two span sets (entities and event triggers),
the Instance Interaction module captures and en-
hances interactions between instances across tasks
to improve prediction accuracy.

First, a representation vector for each span (i, j)
(1 <4 < j < n)in these two sets is computed
using the representation vectors x;,...,x;. Let
R = 1,5,y } (nenry = B
and. Riteger — {th ta, ..., tnmgger} (ntrigger =
| R'M&&r|) denote the sets of span representation
vectors for entities and event triggers in w, respec-
tively. The use of these two sets will be described
in the following sub-sections.

Once RT™MY apnd RUigEr are formed, we con-
struct instance representations for the three IE tasks
(EMD, ED, and EAE). Entity and trigger instances

are directly derived from Re™Y and RUigEr re-
spectively.

For argument prediction, which involves both a
trigger and an entity, argument instances are de-
fined as:

Rargument _ { argi; = [ti7 ej] | = Rtrigger’
e c Rentity }
)
The initial representation vectors for argument in-
stances are constructed accordingly.

To model interactions between related instances,
a graph G™! is constructed, consisting of nodes
N"tand edges E™!. The node set is defined as
Ninst — Rentity U Rtrigger U Rargument. Each en-
tity node e; is connected to all argument nodes
argi; = [tj,e;], and each trigger node ¢; is also
connected to these argument nodes, enabling infor-
mation sharing among related instances.

This graph is then processed by a Graph Convo-
lutional Network (GCN) to enrich instance repre-
sentations. Let the initial node representations be
{r1,79,...,7n, } and the adjacency matrix be A™™t,
where A?}St = 1 indicates a connection between
nodes r; and ;. The enriched representations are
computed as:

inst _inst
L)

, ...,r,ifft = GCN(A™ 7y, 7o, ..., T3 Ni).
(6)
Finally, the enriched vectors are used to perform

EMD, ED, and EAE. Let 7 = 7entty | 7rigeer

Targument - ywhere 7" denotes the set of entity

types, and similarly for triggers and arguments.

Let t; € {entity, trigger, argument} be the task

index and y;, the ground-truth label. Each type is

associated with an embedding vector v, forming

the set 1V, with V' corresponding to task .
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Figure 4: Overall architecture of the event extraction model.

For each instance r, € N™™', the probability
distribution over types is computed as:

Jr = softmax(ri®v? | v € Vi*), (7)
and the predicted label is:
g = argmax (g). (8)

4.3 Type Prediction and Regularization

This component models global type dependencies
across the three IE tasks (EMD, ED, and EAE) to
refine instance representations and improve predic-
tion consistency.

Two dependency graphs, G2 and GPed,
are constructed based on the gold types y =
{y1,y2,...,yn,} and predicted types y =
{91, 92, .., Un, }. The nodes correspond to types
in 7, while edges encode relations between types
(e.g., entity—argument compatibility). Their ad-
jacency matrices are denoted as A2°'4 and APrd,
respectively.

Type representations are computed via a GCN
over the initial type embeddings 7 = [v1, ..., vy, ]:

gold

gold old __ old, .
TT LTS e TE GCN(A®% vy, .oy vp, s Ny,

neg
©)
and similarly for the predicted representations. The
dependency loss is defined as:

nt
1d d
Laep = Y _ [|rE¢ = r2|13. (10)
=1

Since GP™ is derived from discrete predictions,
direct backpropagation is not feasible. To address
this, AP is approximated by a differentiable ma-
trix Apred:

Ared = 3™ exp (—ﬁ (B — int; — j)2> ,
(i.j)ern
1D
where 1™ = {(i,j) | A = 1}, B =
{bi;}ij=1,..,n;» and [ is a large constant. In ad-
dition, we employ the Gumbel-Softmax trick to
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approximate categorical predictions with continu-
ous relaxations for gradient-based optimization.
The final training objective is:

L — Lentity + Ltrigger + Ltype -+ )\Ldep

Span Span

(12)
where A\ balances the regularization term.

5 Experimental Results and Discussion

5.1 Experimental Settings

Dataset. We conduct experiments on the BKEE
dataset, a benchmark for Vietnamese event extrac-
tion collected from 11 news domains. The dataset
covers 12 entity types, 8 event types, 33 event sub-
types, and 28 argument roles, with nearly 9,000
annotated event mentions and over 16,000 anno-
tated entity mentions and arguments (Nguyen et al.,
2024). Following the standard data split, it con-
tains 10,959 training instances, 4,301 development
instances, and 3,736 test instances.

Metrics. We report F1 scores for the three
tasks, including entity mention detection (EMD),
event detection (ED), and event argument extrac-
tion (EAE).

Environments and Configurations. We imple-
ment our model using Python 3.10.16, PyTorch
2.0.14cull17, and Transformers 4.47.1. Exper-
iments are conducted on an NVIDIA GeForce
RTX 2080 Ti GPU with 12GB VRAM. We
use the pretrained Facebook Al/xIlm-roberta-large
model (Conneau et al., 2019) and PhoBert (Nguyen
and Nguyen, 2020) for encoding and Vn-
CoreNLP (Vu et al., 2018) for word tokenization.

The model is configured with a dropout rate
of 0.4, sigmoid activation, and N; = 2 hidden
layers. We set 5 = 1000, A = 0.5, and the learning
rate to H5e—6. The maximum number of training
epochs is 25, and the batch size is 1 due to resource
constraints.

5.2 Model Performance and Comparisons

We compare our method with three baseline mod-
els: (i) Pipeline models that perform each task in-
dependently, (ii) FourlE (Nguyen et al., 2021) as
a joint learning baseline originally designed for
English event extraction, and (iii) OnelE (Nguyen
et al., 2024), an extension of joint learning ap-
proaches adapted for Vietnamese. We also eval-
uate two embedding settings, including multi-
lingual XLM-RoBERTa (Conneau et al., 2019)

Model EMD ED EAE
(1) Pipeline + XLM-RoBERTa  55.0 60.3 449
(2) FourlE + XLM-RoBERTa 564 61,5 51.6

(3) OnelE + XLM-RoBERTa 563 60.0 51.7
(4) Pipeline + PhoBERT 544 618 444
(5) FourlE + PhoBERT 576 619 534
(6) OnelE + PhoBERT 558 628 530
(7) Proposed model 59.1 625 552

Table 1: Model performance comparison. Results are
reported in F1 (%). The best results are highlighted in
bold.

and Vietnamese-specific PhoBERT (Nguyen and
Nguyen, 2020).

Table 1 shows that joint learning approaches
(FourlE and OnelE) consistently outperform
pipeline models across all tasks, highlighting the
importance of modeling interdependencies be-
tween EMD, ED, and EAE. In addition, PhoBERT-
based models generally achieve better performance
than XLM-RoBERTa, confirming the advantage of
language-specific representations for Vietnamese.

Compared to these baselines, our proposed
model achieves the best overall performance, ob-
taining the highest F1 scores on EMD (59.1) and
EAE (55.2), while remaining competitive on ED
(62.5). In particular, compared to OnelE with
PhoBERT, our model improves EMD and EAE by
+3.3 and +2.2 F1, respectively, with a slight de-
crease of 0.3 F1 on ED. These results suggest that
the proposed weak supervision strategy is espe-
cially effective for entity and argument extraction,
where richer contextual and structural signals are
required, while offering limited gains for trigger
detection, which is less dependent on additional
data. Overall, this demonstrates the effectiveness
of leveraging enhanced training data for improving
joint event extraction performance.

5.3 Impact of Silver Corpus Construction and
Training Strategies

We evaluate different strategies for constructing
and utilizing Silver corpus:

* (0) w/o Silver corpus: the model is trained
only on the golden BKEE training set.

* (1) w/o augmentation: silver corpus is used
but without schema-based augmentation and
LLM-based generation.

* (2) w/o filtering: silver corpus is constructed
without applying cross-document n-ary rela-
tion filtering.



Table 2: Impact of silver corpus Construction and Train-
ing Strategies. Results are reported in F1 (%). The best
results are highlighted in bold.

Training setting EMD ED EAE
(0) w/o silver corpus 55.5 62.6 52.9
(1) w/o augmentation 56.59 60.33 51.32
(2) w/o filtering 5746 60.83 52.80
(3) Full corpus (scratch) 57.43  62.22 53.09
(4) Full + PM, 56.88 61.24 52.50
(5) Full + PM, 59.11 61.73 55.17

Full corpus: BKEE + silver corpus. PM, : pretrained on
BKEE. PMsy: pretrained on BKEE + 1/5 Silver corpus.

* (3) Full corpus (scratch): the golden training
data and the full Silver corpus are combined
and used to train the model from scratch.

* (4) Full + PM1: the model is first pre-trained
on the golden training set, and then further
trained on the full Silver corpus.

* (5) Full + PM2: a small corpus is first con-
structed by combining the golden training set
with 20% of the Silver corpus to pre-train the
model, which is then further trained on the
remaining silver corpus.

The results on Table 2 shows that incorporating
silver corpus consistently improves performance
on EMD and EAE compared to training only on
the golden data (row (0)), demonstrating the ef-
fectiveness of weakly supervised data for span and
argument extraction. However, ED does not benefit
as much, indicating that trigger detection is less
sensitive to additional data. Both schema-based
augmentation and filtering play important roles in
improving data quality. Removing augmentation
(row (1)) or filtering (row (2)) leads to noticeable
drops in performance compared to the best setting
(row (5)), showing that both diversity and noise
reduction are crucial for constructing effective sil-
ver corpus. Finally, training strategy has a signif-
icant impact on performance. Simply training on
the combined data from scratch (row (3)) does not
yield the best results, and pretraining only on the
golden data (row (4)) is also suboptimal. The best
performance is achieved by progressively leverag-
ing silver corpus (row (5)), where the model is first
exposed to a smaller, mixed corpus before being
trained on the full dataset. This suggests that a
curriculum-style training strategy is more effective
than directly mixing all data or relying solely on
golden pretraining.
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5.4 Error Analysis

To improve the proposed model and incentivize
future research, the model output has been analyzed
to find out errors that need to be taken into account.
For errors examples, please refer to Appendix B.

Span errors. In EMD and ED, the model some-
times predicts incomplete or over-extended spans,
especially for long or nested mentions. For exam-
ple, “Ngdn hang Nong nghiép va Phdt trién néng
thon Viét Nam Agribank” may be partially detected
as “Agribank”.

Isolated entity detection failure. Entities with-
out explicit trigger associations are occasionally
missed, suggesting that the model relies heavily on
trigger-aware context for entity recognition.

Polysemy. Words with multiple meanings may
lead to incorrect entity type predictions, e.g., “Jor-
dan” being classified as PER instead of GPE.

Ambiguous context in EAE. In complex sen-
tences with overlapping contextual cues, the model
may assign incorrect semantic roles, indicating lim-
itations in contextual reasoning.

Overall, these errors suggest that the main lim-
itations lie in boundary detection and contextual
reasoning. Future work may benefit from stronger
structural modeling and more fine-grained seman-
tic supervision.

6 Conclusion

In this paper, we address the data scarcity prob-
lem in Vietnamese event extraction by proposing
a weakly supervised framework for constructing
a qualified silver corpus. Our approach combines
pseudo-labeling with a cross-document n-ary rela-
tion filtering strategy to improve annotation quality,
and a schema-based data augmentation method to
enhance data diversity. Built upon a strong joint
learning backbone, the proposed framework ef-
fectively leverages the constructed silver corpus
of 46,240 sentences to improve event extraction
performance. Experimental results on the BKEE
benchmark demonstrate consistent improvements,
achieving gains of +3.3% F1 on EMD and +2.2%
F1 on EAE compared to strong baselines, while
maintaining competitive results on ED. Overall,
our findings suggest that a carefully constructed
silver corpus, together with appropriate training
strategies, can serve as an effective alternative to
costly manual annotation for low-resource event
extraction.



Limitations

Despite the effectiveness of our approach, several
limitations remain.

First, the quality of the constructed silver cor-
pus still depends on the initial pseudo-labeling
model. Errors introduced in this stage may prop-
agate through subsequent filtering and training,
especially for rare or complex event types.

Second, the cross-document n-ary relation filter-
ing strategy relies on the assumption that important
events are reported multiple times across different
documents. As a result, infrequent or emerging
events may be underrepresented or filtered out,
limiting coverage.

Third, the schema-based data augmentation pro-
cess depends on predefined schema structures and
LLM-based generation, which may introduce noise
or generate less natural sentences in some cases.

Finally, our framework builds upon an existing
backbone model without modifying its architecture.
While this allows us to focus on data-centric im-
provements, it may limit the potential gains achiev-
able through model-level innovations.

Addressing these limitations, particularly im-
proving pseudo-label quality and better handling
rare events, remains an important direction for fu-
ture work.
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Vietnamese

English

—

Ngay 12/02/2025, Bo Tu
phép di 6 chiic hop tham
dinh d& nghi xay dung
Luét thué TNCN.

(On February 12, 2025,
the Ministry of Justice
held an appraisal meet-
ing on the proposal to
draft the Personal Income
Tax Law.)

Trén cd s6 do, ngay 12/2
Bo Tu phéap da t& chiic
hop tham dinh d& nghj
xdy dung Luat thué thu
nhap cd nhan.

(On that basis, on Febru-
ary 12, the Ministry of
Justice held an appraisal
meeting on the proposal
to draft the Personal In-
come Tax Law.)

Ngay 12/2/2025, B6 Tu
phép da t& chiic hop thim
dinh véi muc dich dé nghi
xdy dung Luat Thué thu
nhap cd nhan.

(On February 12, 2025,
the Ministry of Justice
held an appraisal meet-
ing with the aim of
proposing the drafting of

the Personal Income Tax
Law.)

Figure 5: Sentences from different documents describ-
ing the same event.

the 2020 conference on empirical methods in natural
language processing (emnlp), pages 5345-5356.

A Cross-document Filtering Examples

Figure 5 illustrates an example of sentences from
different articles within the same topic may de-
scribe the same event with consistent triggers and
arguments.

Figure 6 presents examples of n-ary relations
extracted from pseudo-labeled sentences within a
topic group. Each relation is characterized by an
event type and its associated arguments, along with
its occurrence count across sentences.

B Model Error Examples

Some representative examples of model errors are
provided in Table 3.

Span errors. This type of error occurs in both
EMD and ED when the predicted span does not
exactly match the gold annotation. The model may
either partially detect a mention or over-extend the
span beyond its correct boundary. For instance, the
entity “Ngdn hang Néng nghiép va Phdt trién nong
thon Viét Nam Agribank” is only partially detected
as “Agribank”, while complex mentions such as
“Bi thw tinh ity va Chii tich Hpi déng nhdn ddn
tinh Bén Tre H6 Thi Hoang Yén” should be split
into multiple entities but are instead merged into
a single span. These errors typically arise when
entity mentions or event triggers have long and
nested structures, making it difficult for the model
to accurately determine span boundaries.
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Figure 6: Examples of n-ary relations extracted from sentences within the same topic group. Each relation consists
of an event type and its associated arguments with occurrence counts.

Isolated entity detection failure. This error
occurs when entities that are not explicitly asso-
ciated with an event trigger are not detected. For
example, in sentence (3), entities such as “dng
Hung” and “ndm 2023” are missed because they
do not directly participate in a clearly expressed
event. This suggests that the model relies heavily
on trigger-aware context to identify relevant enti-
ties, and struggles to recognize standalone entities
when contextual cues are limited.

Polysemy. Ambiguous words with multiple se-
mantic meanings can lead to incorrect entity type
predictions. For example, in sentence (4), the
word “Jordan” is incorrectly classified as a per-
son (PER) instead of a geo-political entity (GPE).
Such errors occur when the model fails to effec-
tively leverage contextual signals to disambiguate
between different meanings of the same surface
form. Although relatively less frequent, these er-
rors highlight limitations in semantic understand-
ing.

Ambiguous context in EAE. In the EAE task,
errors often arise from complex or ambiguous con-
texts where multiple entities and actions are present
within the same sentence. In sentence (5), the en-
tity “An” is incorrectly assigned the Agent role in
a Transport event, even though it does not per-
form the action of being transported. This type
of error indicates that the model may misinterpret
semantic roles when contextual signals are dense
or overlapping, leading to incorrect argument-role
assignments.
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Table 3: Some notable errors on the test set output of the model.

Vietnamese

English

Error

Lanh dao Ngdn hang Nong nghiép va Phdt
trién nong thon (Agribank) Chi nhdnh Bdc
Yén Bdi trao tién hé tro gia dinh chi Nong Thi
Pong & thi trdn Yén Binh.

Leaders of the Agricultural Bank and Ru-
ral Development (Agribank) North Yen Bai
Branch donated financial support to the family
of Ms. Nong Thi Dong in Yen Binh Town.

Wrong entity detected:
Agribank

Bi thu tinh iy va Chi: tich Hji dong nhén
ddn tinh Bén Tre Ho Thi Hoang Yén chii tri
phién hop.

Secretary of the Provincial Party Committee
and Chairwoman of the People’s Council of
Ben Tre Province, Ho Thi Hoang Yen chaired
the meeting.

Wrong entity detected:
full span incorrectly
merged

Trudc day, gia dinh 6ng Hung thudc dién ho
nghéo, dén ndam 2023 la hé cdn nghéo.

In the past, Mr. Hung’s family was classified
as a poor household, but by 2023, they became
a near-poor household.

Missing entity: Hung

Jordan bay 16 lo ngai vé nhiing cdng thing gia

Jordan expressed concerns over the escalating

Wrong entity type: Jor-

tang trong khu vice. tensions in the region. dan (PER — LOC)
Hdi dén nha An, va An ding dién thoai dé’giﬂ Hai went to An’s house, and An used his phone 'Wrong argument: An
lién lac vdi Hdi trong qud trinh di chuyén. to stay in touch with Hai during the journey. incorrectly labeled as

Agent in Transport event
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Abstract

Event extraction requires performing two inter-
dependent subtasks: event detection and event
argument extraction. While prior work has ex-
plored pipelined and joint training approaches,
the question of how best to coordinate training
across these subtasks in generative LLM-based
systems remains open. We present a systematic
study comparing three training paradigms: dis-
joint, fully shared and hybrid weight allocation,
instantiated as eight concrete strategies and
evaluated on ACE2005 and RichERE across
multiple instruction-tuned LLMs. Our findings
show that training strategy has a consistent and
meaningful effect on extraction accuracy, and
that a clear best-performing strategy emerges
across models and benchmarks. We believe
that these findings could extend beyond event
extraction to other information extraction tasks
that decompose into interdependent subtasks.

1 Introduction

Event extraction (EE) aims to identify structured
event information from text. It is typically de-
composed into two subtasks: event detection (ED),
which identifies event triggers and their types, and
event argument extraction (EAE), which identifies
event participants and their roles (LDC, 2005). A
long-standing question in EE is how these inter-
dependent subtasks should be coordinated during
training: should they be learned independently in a
pipeline, jointly or through some intermediate form
of interaction?

Both pipeline and joint formulations have been
extensively explored, each with well-known trade-
offs. Pipeline approaches offer modularity but suf-
fer from error propagation, while joint approaches
can capture cross-task dependencies at the cost of
increased complexity. The advent of large language
models (LLMs) has introduced a new paradigm,
where EE is framed as a conditional text gener-
ation problem. This shift brings the question of

training strategy into a new setting, one that has
received little systematic attention: what is the best
strategy for fine-tuning LLMs for generative event
extraction?

In this work, we systematically investigate how
different training strategies affect extraction per-
formance in generative event extraction. We
study three paradigms: disjoint parameter alloca-
tion, fully shared parameters and hybrid configura-
tions with partial parameter sharing, instantiated as
eight computationally equivalent training strate-
gies. Models are fine-tuned using LoRA (Low-
Rank Adapters) (Hu et al., 2021) and evaluated on
ACE2005 (Doddington et al., 2004) and RichERE
(Song et al., 2015) across three instruction-tuned
LLMs ranging from 3B to 12B parameters.

Our results show that training strategy has a con-
sistent and meaningful effect on extraction accu-
racy across models and benchmarks. We find that
a disjoint approach in which the ED adapters are
initialised from pre-trained EAE adapters consis-
tently outperforms both de facto approaches: fully
independent training and joint modelling. Joint
modelling, where both tasks are handled within
a single pass, on the contrary, proves to be the
weakest configuration overall. We also find that
robustness to strategy choice increases with model
size. Our contributions are as follows:

* We propose a taxonomy of training strategies
for generative event extraction based on pa-
rameter sharing and task interaction, spanning
disjoint, fully shared and hybrid paradigms.

* We conduct a controlled empirical study of
eight strategies across three LLMs and two
benchmarks, providing a comprehensive com-
parison of training strategies for generative

event extraction'.

LOur code is available at www. github.com/rishi-ravik
umar/GenerativeEventExtractionTrainingStrategies.
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* We provide insights into how task decomposi-
tion, transfer and parameter sharing affect ex-
traction accuracy across models and datasets.

2 Related Work

2.1 Event Extraction: Pipeline and Joint
Approaches

Pipeline and joint approaches represent the two
dominant paradigms for event extraction, each with
well-established trade-offs. Pipeline approaches
train separate models for ED and EAE, apply-
ing them sequentially at inference time, offering
modularity but suffering from error propagation:
mistakes in event detection directly degrade argu-
ment extraction (Xiang and Wang, 2019). Joint
approaches model both subtasks within a unified
framework, enabling cross-task interaction and in-
terdependencies to be exploited, thereby alleviating
error propagation at the cost of increased model
complexity (Lin et al., 2020; Xiang and Wang,
2019). The relative merits of each paradigm re-
main setting-dependent, with leading systems span-
ning both: joint models such as OnelE (Lin et al.,
2020) and DyGIE++ (Wadden et al., 2019) along-
side pipeline approaches such as TagPrime (Hsu
et al., 2023), as evidenced by the standardised eval-
uation in Huang et al. (2024).

2.2 Generative Event Extraction

The reframing of event extraction as a conditional
text generation problem has gained significant trac-
tion with the advent of pre-trained language models.
Early generative approaches include Du and Cardie
(2020), who formulate EAE as question answering,
and Paolini et al. (2021), who cast a range of struc-
tured prediction tasks, including EE, as translation
between augmented natural languages. Lu et al.
(2021) propose Text2Event, which directly gener-
ates structured event records from text using con-
strained decoding, handling ED and EAE jointly in
a single pass. Hsu et al. (2022) propose DEGREE,
which frames EE as prompt-based conditional gen-
eration, and they explicitly evaluate both pipeline
(DEGREE-PIPE) and joint (DEGREE-E2E) con-
figurations, finding that the joint configuration gen-
erally outperforms the pipeline configuration on
ACE2005, particularly in low-resource scenarios.
More recently, work on large instruction-tuned
LLMs has examined the upper bound of the gen-
erative paradigm: Gao et al. (2023) evaluate an
earlier version of ChatGPT on few-shot EE and
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find that it considerably falls short of supervised
approaches, while Srivastava et al. (2025) system-
atically study instruction tuning strategies for event
extraction. Across this body of work, the question
of how training should be coordinated across ED
and EAE in generative models has received no sys-
tematic attention, with most work committing to
a single fixed configuration. This paper addresses
this gap directly.

2.3 Multi-Task and Transfer Learning for
Information Extraction

The question of how to coordinate learning across
related tasks has a long history in NLP. Caruana
(1997) establishes that jointly training related tasks
provides inductive biases that improve generalisa-
tion, and subsequent work has explored both hard
parameter sharing, where all tasks share the same
parameters, and soft sharing, where tasks maintain
separate parameters with regularisation encourag-
ing similarity (Ruder, 2017). In the context of IE,
multi-task learning over related subtasks, where
shared encoders capture common linguistic fea-
tures, has consistently outperformed single-task
baselines (Wadden et al., 2019; Lin et al., 2020).
Paolini et al. (2021) extend this to a broader range
of structured prediction tasks within a unified gen-
erative framework, demonstrating that related IE
tasks can benefit from shared representations at
scale. Sequential transfer between related tasks has
also proven effective, with pre-training on auxiliary
tasks providing beneficial initialisations for down-
stream extraction objectives (Pruksachatkun et al.,
2020). Our work draws directly on these insights,
systematically investigating how hard parameter
sharing, task-specific parameters and sequential
transfer interact in the specific context of genera-
tive EE under LoRA-based fine-tuning.

3 Methodology

3.1 Task Formulation

We adopt a generative formulation of event extrac-
tion, casting ED, EAE and joint EE as conditional
text generation tasks within a prompt-completion
framework. In each case, the model takes a nat-
ural language sentence as input and generates a
structured JSON representation of the predicted
event information. We deliberately adopt a mini-
mal prompting strategy, providing no task instruc-
tions or additional context beyond the input sen-
tence. Since all models are fine-tuned, the training



process itself is sufficient for the model to learn
the target behaviour. This choice avoids confound-
ing effects introduced by prompt engineering and
ensures consistency across all experimental condi-
tions.

Event Detection. Given a raw input sentence, the
model generates a list of all event triggers present in
the sentence along with their corresponding event
types, in a single generation step.

Event Argument Extraction. Given the input sen-
tence along with a specific event trigger and its
type, provided using simple delimiters, the model
generates all arguments associated with that event
and their semantic roles. Since argument extraction
is conditioned on a single trigger, EAE is run once
per trigger. This formulation reflects the depen-
dence of EAE on ED outputs.

Joint Event Extraction. Given a raw input sen-
tence, the model generates complete event struc-
tures in a single pass, including triggers, event
types and all associated arguments.

The prompt-completion formats for all three for-
mulations are illustrated in Table 1, with all com-
pletions structured as JSON arrays with consistent
field names across tasks.

3.2 Training Strategies

We investigate eight training strategies organised
into three paradigms based on how adapters are
allocated across ED and EAE. Unless otherwise
stated, inference follows a pipeline: ED is run
first to identify triggers and event types, which are
then passed as input to EAE. During training, EAE
is conditioned on gold triggers and event types,
whereas at inference it relies on predictions from
ED.

3.2.1 Disjoint Training

Disjoint strategies assign separate sets of adapters
to ED and EAE, with no parameter sharing between
the two tasks at inference time.

Independent (S1). Separate adapter sets are
trained for ED and EAE independently, with no
interaction between tasks at any stage. This repre-
sents the standard pipeline baseline.

Forward Transfer (S2). The ED adapters are
trained first and used to initialise the EAE adapters,
which are then trained. This examines whether
ED supervision provides a useful starting point for
argument extraction.
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Backward Transfer (S3). The EAE adapters are
trained first and used to initialise the ED adapters,
which are then trained. This examines whether
exposure to argument-level supervision benefits
ED.

3.2.2 Fully Shared Training

Fully shared strategies use a single set of adapters
for both tasks, with no task-specific parameters.

Joint Modelling (S4). A single set of adapters
is trained to generate complete event structures,
including triggers, types and arguments, in a single
pass. Unlike the other strategies, inference is also
performed in a single pass. This represents the
standard joint baseline.

Mixed Training (SS5). A single set of adapters
is trained on interleaved batches of ED and EAE
instances. Despite sharing a single adapter set, in-
ference remains pipelined: the model first performs
ED, then EAE.

3.2.3 Hybrid Training

Hybrid strategies partition adapters into two sets:
a shared set applied to the lower layers, and
task-specific sets applied to the upper layers.
Since lower layers of transformer-based LLMs en-
code general linguistic and semantic representa-
tions while upper layers encode increasingly task-
specific information (Rogers et al., 2021), this de-
sign allows the model to leverage common event
semantics in the shared layers while retaining task-
specific capacity in the upper layers.

Partial Sharing (S6). Adapters in the lower layers
are shared between ED and EAE, while the upper
layers maintain separate task-specific adapter sets.
This design interpolates between fully disjoint and
fully shared training: at 0% sharing the strategy
reduces to Independent training (S1), and at 100%
sharing it reduces to Mixed Training (S5). We
experiment with three configurations: sharing the
lower 25% of layers (S6.1), 50% (S6.2) and 75%
(S6.3). An overview of this architecture is shown
in Figure 1.

3.3 Benchmark Datasets

We evaluate on ACE2005 and RichERE, the two
most widely used benchmarks for event extraction,
both focusing on the news domain. We follow
the TextEE standardised benchmarking framework
(Huang et al., 2024) to download, pre-process and
split the data, adopting the standard train/dev/test
splits. In particular, we use Split 1 of the five



Completion: [{'argument':

Task Example
D Prompt: A bomb exploded in the city center.
Completion: [{'trigger': 'exploded', 'event_type': 'Conflict:Attack'}]
EAE Prompt: A bomb exploded in the city center. <trigger> exploded </trigger> <type> Conflict:Attack </type>

‘city center’,

'argument_role': 'Place'}]}]

Prompt: A bomb exploded in the city center.
EE (ED+EAE)

'arguments': [{'argument':

Completion: [{'trigger': 'exploded', 'event_type':
'city center’,

'Conflict:Attack’,
"argument_role':

'Place'}]}]

Table 1: Prompt-completion formats for different task formulations.
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Figure 1: Partial Sharing (S6): lower layers use a shared
adapter set across ED and EAE, while upper layers
maintain separate task-specific adapter sets.

Dataset # Event # Argument Train | Dev | Test
Types Types

ACEOQ5 33 22 3234 | 348 | 416

RichERE 38 21 2721 291 403

Table 2: Dataset statistics for ACE2005 and RichERE.
Samples containing no events are excluded.

splits provided by TextEE. Additionally, we ex-
clude samples containing no events due to the class
imbalance in both datasets: fewer than 20% of
ACE2005 samples and fewer than 30% of RichERE
samples contain at least one event. Retaining null-
event samples would therefore heavily skew eval-
uation towards trivial empty predictions, obscur-
ing meaningful differences in extraction quality
across strategies. We note that this filtering pre-
cludes direct comparisons with prior work that re-
tain such samples; however, since all strategies are
evaluated under identical conditions, cross-strategy
comparisons remain fully valid. The data is also
pre-processed into the prompt-completion format
described in Section 3.1.

ACE2005 is a popular benchmark for event ex-
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traction, featuring a well-established ontology of
event types and argument roles. RichERE extends
this setting with a broader ontology, potentially pre-
senting additional challenges due to its increased
schema complexity and smaller size. Together, the
two benchmarks allow us to assess the robustness
of our findings across different levels of schema
complexity and data availability. Key statistics are
reported in Table 2.

3.4 Models

We experiment with three open-weight, instruction-
tuned decoder-only LLMs: Qwen2.5-3B-Instruct
(Qwen et al., 2025), Llama-3.1-8B-Instruct (Meta
et al., 2024) and Mistral-Nemo-Instruct-2407 (Mis-
tral Al, 2024), spanning 3B to 12B parameters.
This selection provides diversity across both model
family and scale, allowing us to assess the consis-
tency of our findings across these dimensions.

3.5 Hardware and Hyperparameters

Hyperparameter Value
Sampling Parameters Greedy Sampling
Number of Epochs 2
Precision bfloatl6
Optimizer AdamW
Learning Rate 2.00E-04
Learning Rate Scheduler cosine with warm-up
Warm-up Ratio 0.05
Batch Size 4
LoRA Dropout 0.05
Gradient Accumulation Steps 4
Weight Decay 0.0l
Gradient Clipping 1.0
Maximum Seq. Length 512
Projections Modified _aproi\ 'k proj, v_proj, ,
o_proj’,‘gate_proj’, ‘up_proj’, ‘down_proj

Table 3: Hyperparameters used for training.

Table 3 lists the key hyperparameters used for
fine-tuning. We fine-tune all models using LoRA
on NVIDIA RTX A5000, A40 and A100 GPUs,
with a cumulative training time of approximately
200 GPU hours. Loss is computed exclusively over
completion tokens, with input tokens masked dur-
ing training. We use a fixed training schedule of 2
epochs across all experiments to ensure comparable



compute across strategies. This choice is further
supported by prior QLoRA results (Dettmers et al.,
2023), which report stronger performance with 2-
epoch fine-tuning compared to 1 and 3 epochs. Ad-
ditionally, the small dataset sizes and the number
of model components adapted by LoRA make 2
epochs a reasonable choice.

3.6 Computational Equivalence

All eight strategies are designed to incur identical
training cost, measured as the total number of com-
pletion tokens processed under prompt loss mask-
ing. Let Dgp and Dgag denote the ED and EAE
training sets with mean completion lengths m and
k respectively. In the disjoint and transfer strategies
(S1-S3), two adapter sets are trained independently,
one per task, for two epochs each, contributing
2(|Dgp| - m + |Dgag| - k) loss tokens in total. In
Joint Modelling (S4), ED and EAE completions
are concatenated into a single sequence per sample,
and a single adapter set is trained for two epochs,
yielding the same total cost. In Mixed Training
(S5), the two datasets are interleaved and processed
by a single adapter set over two epochs, again re-
sulting in the same total. In the hybrid strategies
(586.1-S6.3), the shared lower-layer adapters are
trained on the interleaved combined dataset, while
each task-specific upper-layer adapter set is trained
on its respective task; the contributions sum to the
same quantity. Training cost is thus held constant
across all strategies by construction.

3.7 Evaluation

We adopt two evaluation metrics following stan-
dard practice in event extraction literature (Huang
et al., 2024), all reported as micro-averaged F1.
A true positive for ED requires both the trigger
span and event type to exactly match the gold an-
notation; we report this as the TC (Trigger Clas-
sification’) score. A true positive for end-to-end
EE requires the trigger span, event type, argument
span and argument role to all exactly match the
gold annotation; we report this as the AC (Argu-
ment Classification’) score. Since EAE models are
trained on gold triggers but evaluated on predicted
triggers, AC is subject to exposure bias. To address
this, we additionally propose ACITC, which evalu-
ates argument extraction exclusively over correctly
identified triggers; by construction, this ensures
that EAE receives input consistent with its train-
ing conditions, eliminating the exposure bias gap.
However, ACITC should be interpreted with care:
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as it is computed over only the subset of instances
where ED succeeds, it is sensitive to the composi-
tion of that subset and provides only a rough signal
of EAE performance in isolation. Together, TC
measures ED quality, AC captures end-to-end EE
performance, and ACITC offers a rough measure
of EAE quality.

4 Results and Discussion

Table 4 presents TC, AC and ACITC scores for all
eight training strategies across three models and
two benchmarks, with each configuration run over
three random seeds and averaged. To facilitate
comparison across strategies independently of ab-
solute score differences between models, we rank
strategies by score within each model and bench-
mark combination, then average these ranks across
models to produce a consolidated ordering for each
metric and benchmark; results are reported in Ta-
ble 5. To assess the consistency of these rankings
across models, we compute Kendall’s coefficient
of concordance (W) for each metric—benchmark
combination. In 8 of 9 cases, W ranges from 0.503
to 0.677, indicating moderate to substantial agree-
ment according to commonly used interpretation
guidelines adapted from Landis and Koch (1977);
The Comprehensive R Archive Network. The re-
maining case, ACITC on ACE2005 (W=0.323), in-
dicates fair agreement, although two of the three
model pairs still exhibit substantial pairwise con-
cordance. We organise our discussion around the
key trends that emerge.

Performance improves consistently with model
scale. Across all strategies and both benchmarks,
TC and AC scores increase with model size. This
trend holds regardless of training strategy, suggest-
ing that the absolute gains from scaling generalise
across different forms of task interaction.

Larger models are more robust to training strat-
egy variation. As show in Figure 2, the TC and
AC score gap (margin) between the best and worst
performing training strategies generally narrows
with model size across benchmarks. On ACE2005
TC, this margin is approximately 4.5 points for
Qwen2.5 3B, compared to around 2.8 points for
Mistral Nemo. A similar trend holds on RichERE
and for AC. Training strategy remains a meaningful
factor at all scales, but its effect is more pronounced
in smaller models. This is likely attributable to
two complementary factors: larger models bring



ACEO05 Qwen2.5 3B Instruct Llama 3.1 8B Instruct Mistral Nemo Instruct 2407
Strategies TC AC AC|TC TC AC AC|TC TC AC AC|TC
SI: Independent 71.86 £ 041 | 46.15+ 041 | 66.21 +0.34 | 7552 +0.19 | 5456 £0.17 | 72.93 +0.12 | 76.78 +0.38 | 54.83 £+ 0.14 | 72.29 + 0.23
S2: Forward Transfer 71.86 +0.41 | 4723 +0.63 | 67.71 £0.59| 7552 + 0.19 | 54.49 + 0.35 | 72.95 £ 0.50| 76.78 + 0.38 | 55.55 +0.39 [ 73.15 £ 0.49
S3: Backward Transfer 73.62 +0.27 | 47.28 + 0.57 | 65.87 +0.40 | 77.20 £ 0.43 | 55.91 £0.36| 72.25 +0.52 | 78.15 £ 0.21 | 55.71 £0.25| 7148 £+ 0.19
$4: Joint Modelling 69.26 £ 0.24 | 43.74+0.16 | 64.62+0.08 | 75.07 +0.13 | 52.75 +0.61 | 71.02 +0.64 | 7538 +0.39 | 54.59 + 0.35 | 72.20 + 0.59
S5: Mixed Training 72,67 £0.37 | 47.21 £0.80 | 66.07 £ 0.80 | 76.64 + 0.41 | 53.99 +0.39 | 70.70 + 0.24 | 76.89 +0.28 | 54.16 + 1.07 | 70.97 + 0.92
S6.1: Partial Sharing (25%) [73.72 £0.31[47.65+0.10| 6595+ 033 | 76.31 +0.28 | 54.83 + 0.85 | 72.27 + 047 | 76.67 + 0.65 | 5541 £0.94 | 72.07 £ 0.74
S6.2: Partial Sharing (50%) | 73.58 + 0.45 | 46.12 + 0.55 | 6445+ 1.07 | 7570+ 0.18 | 53.70 + 0.24 | 71.70 £ 0.03 | 77.34 + 0.45 | 54.75 + 0.86 | 70.99 + 0.37
S6.3: Partial Sharing (75%) | 72.16 + 044 | 46.12 + 1.08 | 65.42 + 0.81 | 75.57 +0.69 | 53.52+0.49 | 71.01 £0.10 | 76.95+ 0.54 | 55.70 + 0.60 | 72.39 +0.10
RichERE Qwen2.5 3B Instruct Llama 3.1 8B Instruct Mistral Nemo Instruct 2407
Strategies TC AC AC|TC TC AC AC|TC TC AC AC|TC
SI: Independent 60.76 + 0.87 | 41.81 +048 | 68.70 + 021 | 64.97 + 046 | 47.05+0.82 | 72.37 +0.73 | 66.14+0.63 | 4948 + 0.63 | 74.11 + 040
S2: Forward Transfer 60.76 £ 0.87 | 41.70 £ 042 | 68.76 + 0.36 | 64.97 £+ 0.46 | 46.68 +0.79 | 71.83 +0.78 | 66.14 + 0.63 | 49.68 + 0.67 | 74.44 + 0.65
S3: Backward Transfer 61.82+0.15 | 42.84 £0.08|69.13 £0.32|67.79 £0.30 | 49.58 £ 0.63 | 72.85 + 0.38 | 67.93 £ 0.94| 49.35+0.59 | 7291 £0.32
S4: Joint Modelling 5898 +0.18 | 38.92+0.20 | 66.14+0.07 | 6486 +0.21 | 47.97 +0.12 | 73.55 £ 0.17| 65.96 + 049 | 49.57 + 0.09 [ 74.86 £ 0.26
S5: Mixed Training 60.65 + 0.56 | 41.22 +0.58 | 67.13+0.23 | 65.17 + 0.56 | 46.59 +£0.55 | 71.09 +0.13 | 66.35+0.30 | 48.74 + 0.07 | 72.72 + 0.30
S6.1: Partial Sharing (25%) | 61.97 + 0.64 | 42.59 + 0.54 | 68.31 +0.62 | 65.41 +0.30 | 46.30 + 0.47 | 70.27 + 0.32 | 66.30 + 0.93 | 48.82 + 0.83 | 73.25 + 0.50
S6.1: Partial Sharing (50%) | 60.89 + 0.47 | 41.76 £ 0.98 | 68.53 + 0.96 | 65.87 + 0.52 | 47.22+0.12 | 71.57 +0.34 | 6637 +0.31 | 4891 £ 042 | 73.18 £ 0.24
S$6.2: Partial Sharing (75%) | 62.03 + 0.60 | 42.78 + 0.88 | 68.65 + 0.53 | 65.31 + 041 | 46.76 + 042 | 71.45+0.57 | 66.37 + 1.03 | 47.67 + 1.05 | 71.70 + 1.03

Table 4: TC, AC and ACITC scores on ACE2005 (top) and RichERE (bottom), averaged over three random seeds
(£ standard error). For each column, the best performance is shown in bold and the second-best is underlined.

Rank TC ACE2005 TC RichERE AC ACE2005 AC RichERE AC|TC ACE2005 AC|TC RichERE
| Backward Transfer Backward Transfer Backward Transfer Backward Transfer Forward Transfer Forward Transfer
2 | Partial Sharing (50%) E::::: 2::::2 Sg;; Partial Sharing (25%) Independent Independent Bac"':s:':j'frz:tsfer
3 Par::;T(eS:;’::ignzggS%) Partial Sharing (25%) Forward Transfer Joint Modelling Partial Sharing (25%) Joint Modelling
4 Partial Sharing (75%) Mixed Training Independent P::t::raszi:i-r:;n(s;(e)‘;) Piz::itrvsal::r:\;a?;;;) Partial Sharing (50%)
5 Fol‘:f;‘(’f;‘::::fer Fo'r:f;ze;‘::::fer Partial Sharing (75%) | Partial Sharing (75%) |  Joint Modelling ::::: g::::g 822
6 Joint Modelling Joint Modelling Mixed Training Partial Sharing (25%) Mixed Training Mixed Training
7 Partial Sharing (50%) Mixed Training Partial Sharing (50%)
8 Joint Modelling

Table 5: Model-averaged strategy rankings for each metric and benchmark combination. For each model and
benchmark, strategies are ranked by score; ranks are then averaged across models to produce a consolidated ordering.

A lower rank indicates better average performance.

stronger prior representations of linguistic and
event-related semantics, and their greater parame-
ter capacity allows them to accommodate different
forms of task interaction more flexibly, learning
both tasks effectively regardless of how training
is coordinated. This is consistent with findings in
related work showing that larger models exhibit
greater robustness to task-level design choices in
generative IE settings (Ravikumar et al., 2026).

4.1 Event Detection Performance (TC)

We discuss event detection performance across all
eight strategies, as measured by the TC metric.
Since TC evaluates only the ED component of the
pipeline, strategies that differ solely in their EAE
adapter—namely S1 and S2—produce identical TC
scores by construction.
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Backward Transfer is the strongest strategy
for TC. S3 ranks first on both ACE2005 and
RichERE in terms of performance based on TC,
achieving the highest score in four out of six model-
benchmark combinations. This consistent advan-
tage suggests that initialising the ED adapter from
a pre-trained EAE adapter provides a useful induc-
tive bias. EAE training exposes the model to rich
supervision over event participants and their se-
mantic roles, encouraging representations that are
broadly sensitive to event-bearing spans, a prop-
erty that directly benefits event detection. The
fact that this advantage persists after task-specific
fine-tuning of the ED adapters suggests that the
transferred representations provide a meaningful
initialisation rather than being simply overwritten.
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Figure 2: Score gap between the best and worst per-
forming training strategies per model, across metrics
and benchmarks.

Independent training leads to poor TC scores.
S1 (and by construction S2) ranks second-last on
both benchmarks in the model-averaged ranking,
outperforming only Joint Modelling. The perfor-
mance gap between S1 and S3 is particularly in-
formative: the two strategies are identical except
for how the ED adapter is initialised, making this
a direct controlled comparison that isolates the ef-
fect of initialisation from all other experimental
factors. The consistent advantage of S3 over S1
across all models and benchmarks confirms that
cross-task initialisation provides measurable gains
that independent training foregoes.

Joint Modelling is the weakest strategy for TC.
S4 ranks last on TC across both benchmarks and
all models. Unlike all other strategies, S4 trains on
complete event structures and infers in a single pass,
forcing a single set of adapters to jointly optimise
for trigger identification and argument extraction
within a unified output space. This conflation is
detrimental to event detection: the competing de-
mands of simultaneously producing triggers, event
types, argument spans and roles within a single
generation pass degrades the model’s ability to pre-
cisely identify event-bearing spans.

Mixed Training, by contrast, is competitive for
TC. S5 ranks third on ACE2005 and fourth on
RichERE, outperforming Joint Modelling in both
cases. Although both S4 and S5 use a single set of
adapters, they differ fundamentally in both training
and inference: S4 trains on complete event struc-
tures and infers in a single pass, while S5 trains
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on interleaved batches of ED and EAE instances
and infers in a pipeline. This preservation of task
boundaries—at both training and inference time—
avoids the conflation that hampers S4. The com-
petitive TC performance of S5 demonstrates that
cross-task signals from interleaved training ben-
efit event detection, and that the failure of S4 is
attributable specifically to joint generation rather
than parameter sharing.

Partial sharing yields strong TC performance.
S6.2 (50% sharing) ranks second on both bench-
marks, behind only Backward Transfer, making
partial sharing the strongest TC strategy aside from
S3. On ACE2005, S6.1 (25% sharing) and S6.3
(75% sharing) rank third and fourth respectively,
while on RichERE, S6.3 matches S6.2 at rank two
and S6.1 ranks third. These results suggest that
sharing lower-layer representations between ED
and EAE is broadly beneficial for event detection.
Lower transformer layers encode common features
useful to both subtasks, allowing ED to benefit
from the additional supervision signal provided by
EAE while retaining task-specific modelling capac-
ity in higher layers.

The consistent advantage of S6.2 over both S6.1
and S6.3 on ACE2005, together with its parity with
S6.3 on RichERE, suggests that moderate parame-
ter sharing provides the most effective balance be-
tween cross-task transfer and task-specific speciali-
sation. Sharing only 25% of layers yields weaker
performance, indicating limited transfer between
the subtasks, while increasing sharing to 75% does
not provide further gains and can slightly reduce
performance on ACE2005. Across both bench-
marks, the strongest and most consistent results are
obtained with 50% sharing, suggesting that mod-
erate sharing is sufficient to transfer useful event-
level representations without excessively constrain-
ing task-specific specialisation. This pattern is also
reflected in the broader strategy ranking: S6.2 out-
performs both fully independent training (S1; 0%
sharing) and fully shared mixed training (S5; 100%
sharing).

Overall TC paradigm ranking. At the strategy
level, S3 and S4 represent the clear performance ex-
tremes, ranking first and last respectively. Between
these extremes, the hybrid strategies cluster consis-
tently in the upper-middle ranks, establishing par-
tial parameter sharing as the most reliable paradigm
for event detection after backward transfer. S5 per-
forms competitively, while S1 and S2 rank in the



lower half, confirming that independent training
without cross-task interaction is an ineffective strat-
egy for event detection. Cross-task interaction with
preserved task boundaries, whether through initial-
isation or parameter sharing, is broadly beneficial
for TC performance.

4.2 Event Extraction (AC) and Event
Argument Extraction (ACITC)
Performance

We discuss AC and ACITC performance across all
eight strategies. AC captures the compounded ef-
fect of both ED and EAE (end-to-end EE), while
ACITC isolates argument extraction quality by con-
ditioning on correctly identified triggers.

Backward Transfer remains the strongest strat-
egy for AC. S3 ranks first on AC for both bench-
marks in the model-averaged ranking, continuing
its strong performance from TC. This is attributable
to two complementary factors: S3 achieves the
highest TC scores, maximising the number of cor-
rectly identified triggers and thus the opportuni-
ties for successful argument extraction; and S3’s
largely strong ACITC performance indicates that its
dedicated EAE adapter, trained independently on
argument extraction, extracts arguments effectively
given correct triggers. Together, strong event de-
tection and effective argument extraction account
for S3’s consistent advantage across models and
benchmarks.

The disjoint paradigm performs strongly on AC
and ACITC. S1, S2 and S3 collectively dominate
both the AC and ACITC rankings with S2 rank-
ing first for both benchmarks on ACITC. This con-
sistent superiority of the disjoint paradigm points
to a clear finding: dedicated, task-specific EAE
adapters are beneficial for argument extraction, pro-
viding the parameter capacity to specialise for the
distinct demands of identifying event participants
and their roles. Within this paradigm, S2 outper-
forms S1 and S3 on ACITC across both bench-
marks, demonstrating that initialising the EAE
adapter from a pre-trained ED adapter improves
argument extraction by providing a useful induc-
tive bias without sacrificing dedicated task-specific
capacity. This distinguishes forward transfer from
other strategies that also introduce cross-task signal
but at the cost of shared parameters.

Joint Modelling recovers on ACITC despite
weak TC. S4 ranks last on AC on ACE2005

45

but third on RichERE, despite ranking last on TC
across both benchmarks. The key to this diver-
gence lies in ACITC: S4 ranks fifth on ACE2005
and third on RichERE, indicating that the unified
output space that impairs trigger identification does
not equally impair argument extraction. This asym-
metry is structurally motivated: while trigger iden-
tification is a relatively self-contained objective that
is harmed by the competing demands of simultane-
ous argument generation, arguments are by defini-
tion properties of their trigger, with each argument
span and role conditioned on a specific trigger iden-
tity. Joint generation therefore reflects the natural
structure of EAE, and the adapter learns to model
trigger-argument relationships directly within a sin-
gle pass. This coupling partially compensates for
the absence of dedicated EAE parameter capacity.
On RichERE, this ACITC strength is sufficient to
sustain competitive AC performance despite weak
TC. On ACE2005, where argument extraction is
substantially harder, the ACITC performance can-
not compensate for the poor TC, and AC collapses
accordingly.

Mixed Training is the weakest strategy for AC
and ACITC. S5 ranks sixth on ACE2005 and last
on RichERE for AC, and second-last on ACITC on
ACE2005 and last on RichERE, a striking reversal
of its competitive TC performance. The contrast
with S4 is instructive: despite underperforming S5
on TC, S4 consistently outperforms S5 on ACITC.
Both strategies share a single adapter set without
dedicated EAE capacity, but S4’s unified output
space forces the adapter to jointly model trigger-
argument relationships within a single generation
pass, which benefits argument extraction given cor-
rect triggers. S5, trained on interleaved but separate
ED and EAE instances, never jointly models these
relationships and therefore lacks this benefit while
equally lacking dedicated EAE parameter capacity.
S5 thus benefits from neither the trigger-argument
coupling of joint generation nor dedicated param-
eter capacity, accounting for its consistently poor
argument extraction performance despite competi-
tive TC.

Partial Sharing performs inconsistently on AC
and ACITC. The hybrid strategies exhibit pro-
nounced benchmark dependence on both metrics.
On AC, S6.1 (25% sharing) ranks second on
ACE2005 but sixth on RichERE, while S6.2 (50%
sharing) ranks seventh on ACE2005 but fourth on
RichERE. S6.3 (75% sharing) is comparatively sta-



ble, ranking fifth on AC across both benchmarks.
On ACE2005, where argument extraction is sub-
stantially harder, S6.1 performs best among hy-
brid configurations: preserving the greatest task-
specific capacity in the upper layers outweighs the
benefit of additional cross-task signal when the
EAE objective is demanding. On RichERE, S6.2
performs best, suggesting that a more even bal-
ance between shared and task-specific capacity is
optimal when argument extraction is less demand-
ing. On ACITC, the hybrid strategies are uniformly
weak, with no configuration ranking above third on
either benchmark, and their relative ordering shifts
inconsistently across benchmarks. Taken together,
the hybrid strategies offer no reliable advantage
for argument extraction, with performance varying
considerably across benchmarks and metrics.

Overall AC and ACITC paradigm ranking. At
the strategy level, S3 ranks first on AC across both
benchmarks while S2 ranks first on ACITC across
both benchmarks. At the paradigm level, disjoint
strategies perform best on average across both met-
rics, followed by hybrid and then fully shared train-
ing. Unlike TC, where cross-task parameter shar-
ing drives performance improvements, argument
extraction benefits most consistently from dedi-
cated task-specific adapter capacity, with paradigm
ranking inversely related to the degree of parameter
sharing.

4.3 TC vs ACITC: A Divergent Picture

Comparing TC and ACITC rankings reveals a sys-
tematic shift in strategy performance across the two
metrics. S3 ranks first on both TC and AC, but the
relative ordering of all other strategies changes con-
siderably. S2, which ranks in the lower half on TC,
rises to first on ACITC across both benchmarks, el-
evating the disjoint paradigm as the strongest over-
all for argument extraction. Conversely, the hybrid
strategies, competitive on TC, drop substantially
on ACITC. S5, despite competitive performance
on TC, falls to second-last on ACITC on ACE2005
and last on RichERE. S4, the weakest strategy on
TC, recovers to third on ACITC for RichERE and
fifth on ACE2005.

This divergence reflects a fundamental disparity
between what each subtask demands. Event de-
tection benefits from controlled cross-task interac-
tion, whether through initialisation-based transfer
as in S3, or partial parameter sharing as in the hy-
brid strategies. Argument extraction, by contrast,
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is more sensitive to dedicated task-specific capac-
ity: the disjoint strategies, which maintain fully in-
dependent EAE adapters, consistently outperform
shared and hybrid alternatives on ACITC. S3 sat-
isfies both requirements simultaneously—the ED
adapter benefits from EAE initialisation while the
independently trained EAE adapter retains full pa-
rameter capacity—which accounts for its consistent
dominance across both TC and AC. S2 foregoes
the benefit of cross-task initialisation for ED but
retains full EAE capacity as well as ED-informed
initialisation, producing the strongest ACITC per-
formance overall.

5 Conclusion

We present a systematic study of eight LoRA-
based training strategies for generative event ex-
traction, spanning three paradigms: disjoint, fully
shared and hybrid parameter allocation. Exper-
iments across three instruction-tuned LLMs and
two benchmarks demonstrate that training strategy
has a consistent and meaningful effect on extrac-
tion performance, with effects more pronounced
at smaller model scales. Backward Transfer is the
strongest strategy overall on TC and AC, while
Forward Transfer is the strongest on ACITC. More
broadly, event detection benefits from cross-task in-
ductive biases, whether through initialisation-based
transfer or parameter sharing, while argument ex-
traction is most reliably served by dedicated task-
specific adapter capacity. We believe these findings
may generalise beyond event extraction to other
information extraction tasks that decompose into
interdependent subtasks.

Limitations

Our evaluation covers three LLMs ranging from
3B to 12B parameters. While this provides diver-
sity across model family and scale, extending the
analysis to larger models would strengthen the gen-
erality of our findings. Similarly, while ACE2005
and RichERE differ in scale and schema complex-
ity, evaluation on additional benchmarks spanning
broader domains would provide a more compre-
hensive assessment. Likewise, evaluating on larger
datasets would be insightful. We follow recom-
mended practice and use a fixed 2-epoch training
schedule across all settings; however, exploring
longer training schedules and selecting checkpoints
based on validation loss could further refine perfor-
mance comparisons across strategies. Finally, our



experiments are conducted under LoR A-based fine-
tuning. Whether the observed trends hold under
full fine-tuning or alternative parameter-efficient
methods remains an open question.
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Abstract

Procedural event annotations record what
changed but not the semantic relevance or
grounding of the change: whether the anno-
tated entity is the kind of thing whose state mat-
ters for the domain. We present Entity Qualia
Structure (EQS), a per-entity sortal-type catego-
rization (coarsened from Generative Lexicon’s
type system to three categories: natural, artifac-
tual, instrument) extracted from existing lexical
resources. Applied to the OpenPI food domain,
EQS reaches 84.7% coverage of the 518-item
entity vocabulary; across 9367 transformation
annotations, only 51.1% concern food entities
themselves, while 30.2% record state changes
of instruments, entities whose sortal type places
them outside the food-state task. In a three-
way comparison against existing cleanup ef-
forts, EQS uniquely flags 15.6% of annotations
that neither human re-annotation (OpenPI-C)
nor LLM salience scoring (OpenPI 2.0) catches.
Analysis of the AGENTIVE quale reveals that
93% of agentive-positive annotations involve
instruments rather than food: entity creation
can only be detected when the agentive fea-
ture is paired with the associated verb’s event
semantics.

1 Introduction

Crowdsourcing the annotation of entity state
changes in procedural text to anonymous online
workers has enabled datasets at large scale; how-
ever, in resources such as OpenPI (Tandon et al.,
2020), which give crowd annotators free-text (open-
vocabulary) input, the resulting annotations do not
distinguish semantically central changes from inci-
dental ones. Consider a recipe step “Bake the cake
for 30 minutes.” An annotator might record that the
oven became “hot,” the timer gone to “0,” and the
cake went from “raw batter” to “baked.” All three
are factually correct, but only the last tracks food
state; the others describe instrument and timer state.
The question is not what changed, but whether the
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entity undergoing change is the kind of thing whose
state matters for the procedure’s domain.

OpenPI’s annotation quality has prompted inde-
pendent cleanup efforts: Wu et al. (2023) produced
OpenPI-C via three-stage human re-annotation, fil-
tering ~32% of state changes as not reliably in-
ferrable from the input; Zhang et al. (2024) apply
LLM-based clustering and per-step salience scor-
ing (OpenPI 2.0). Both approaches address quality
empirically, by re-annotating or filtering with hu-
man or LLM judgment. We offer a complementary
symbolic angle: defining incidental annotations
by the entity’s sortal type, grounded in Genera-
tive Lexicon theory rather than annotator or model
agreement. Our analysis shows that this uniquely
catches 15.6% of annotations the empirical meth-
ods miss (§4).

Generative Lexicon (GL) theory (Pustejovsky,
1995) provides a formal basis for this distinction.
An entity’s FORMAL quale determines its sortal
type, which we coarsen to natural, artifactual, or in-
strument for the audit; its AGENTIVE quale records
whether the entity has an origin event with an asso-
ciated agent (typically a maker). The contrast be-
tween bake a potato and bake a cake illustrates why
both qualia matter: the same verb and event topol-
ogy yield different outcomes because potato (a nat-
ural kind, no creation origin) is transformed, while
cake (an artifact with a baking origin) is created, a
phenomenon GL calls co-composition, where the
event semantics is determined by the verb and its
arguments’ qualia jointly.

In this paper, we extract these qualia features
from existing lexical resources and use them as a
symbolic audit of OpenPI annotations. Our con-
tributions are: (1) a cascade method that builds
Entity Qualia Structure (EQS) data capturing coars-
ened GL sortal types from noun-focus language
resources, covering 84.7% of the OpenPl food-
domain vocabulary with a 32.2% cross-resource
disagreement rate as a built-in quality diagnostic;
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(2) an audit showing that nearly half of OpenPI
food annotations are not about food at all, with
instruments alone accounting for 30.2%, a mis-
match directly readable from the entity’s sortal
type; and (3) an analysis of the AGENTIVE quale
showing that 93% of agentive-positive annotations
involve instruments, confirming that this theoreti-
cally motivated feature requires verb-side compo-
sition before it becomes discriminative. EQS pro-
vides the argument-side input for a compositional
account of entity-state semantics; the complemen-
tary predicate-side analysis appears in Rim and
Pustejovsky (2026).

2 Related Work

2.1 Entity State Annotation and Dataset
Quality

The annotation of entity states in procedural text
has evolved from tracking textual mentions to cap-
turing implicit argument structures. Early work
grounded entity state tracking in Semantic Role
Labeling (Palmer et al., 2005) and qualia-based se-
mantic tagging (GLML; Pustejovsky et al., 2009).
ProPara (Dalvi et al., 2018) introduced entity track-
ing in procedural paragraphs with a closed set of
state labels (created, destroyed, moved). Subse-
quent datasets have addressed implicit arguments
(RISeC; Jiang et al., 2020), bridging relations un-
der state transformation (RecipeRef; Fang et al.,
2022), and entity identity and coreference using GL
event models (CUTL; Rim et al., 2023). Kazemine-
jad et al. (2021) used the VerbNet semantic parser
to automatically annotate entity existence and lo-
cation states on ProPara, illustrating the value of
symbolic, lexical-resource-grounded approaches
for procedural entity-state work.

OpenPI (Tandon et al., 2020) scaled to open-
vocabulary coverage across different procedural
domains, but at the cost of the subeventual and
ontological constraints found in the earlier litera-
ture. The cleanup efforts of Wu et al. (2023) and
Zhang et al. (2024), discussed in §1, address the
resulting reliability issues with human and LLM
judgment respectively; we instead ground our audit
in lexical-semantic resources.

2.2 Lexical-Semantic Resources for Events

Following GL’s dual-aspect view of event seman-
tics, we develop Entity Qualia Structure (EQS),
an entity-side qualia representation that comple-
ments predicate-side resources such as VerbNet-GL
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(Brown et al., 2022). EQS builds on the GL tra-
dition of computational lexicon construction: the
SIMPLE ontology (Bel et al., 2000), which stan-
dardized GL-native semantic types across 12 Euro-
pean languages; the Brandeis Semantic Ontology
(BSO; Pustejovsky et al., 2006; Havasi et al., 2007),
an English lexicon informed by SIMPLE, publicly
released alongside this work; CoreLex (Buitelaar,
1998), which derives systematic polysemy classes
from WordNet (Fellbaum, 1998); and the Princi-
ple of Type Ordering (Pustejovsky, 2001), which
formally justifies EQS’s minimal feature set (sor-
tal type + agentive quale availability) as sufficient
for co-composition. The audit operationalizes the
two qualia that surface directly in BSO entries:
coarsened FORMAL (sortal type) and AGENTIVE
(creation availability); TELIC enters the cascade
indirectly through the type hierarchy.

2.3 Direct Precedents for Qualia Annotation

Prior work on annotating or extracting GL qualia
informs the EQS cascade design. Pustejovsky et al.
(2010) introduced the SemEval-2010 GLML task
on argument selection and coercion, annotating
whether the TELIC or AGENTIVE quale of a noun
was activated in verb-argument context; this is the
closest methodological ancestor to EQS, though
scoped to verbal argument positions rather than
discourse-level procedural entities. Yamada and
Baldwin (2004) demonstrated automatic acquisi-
tion of TELIC and AGENTIVE roles from syntac-
tic patterns and noted that domain-shifting lemmas
(e.g., cooking entities appearing in natural-kind
and artifact roles across documents) require token-
or type-level resolution—the challenge EQS ad-
dresses through type-level coarsening. Bouillon
et al. (2012) report annotator agreement on qualia
annotation in Italian and French complex nominals,
finding AGENTIVE relations reliably annotated
by trained linguists, which empirically supports
AGENTIVE as one of EQS’s two operative qualia.

3 EQS: Extraction and Audit Method

OpenPI provides open-vocabulary state annota-
tions across multiple procedural domains; we focus
on the food slice for three reasons. First, open-
vocabulary annotation is the property that makes
annotation quality a research problem worth ad-
dressing with symbolic typing, and food is the slice
where this property is best exercised by the existing
data. Second, food preparation interleaves natu-
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Figure 1: Sortal cascade pipeline. Entity mentions are
normalized, then resolved against three lexical resources
in priority order (first-resource-wins). The output is
a coarsened sortal type that fills FORMAL.TYPE_CAT.
Other EQS fields (FORMAL.INDIVIDUATION, AGEN-
TIVE) are populated by direct single-resource lookup,
not shown.

ral ingredients, artifactual dishes, and instruments
within the same step, exercising exactly the FOR-
MAL contrast that motivates EQS. Third, BSO’s
type hierarchy is densest in the food domain (its
Nourishment subtree is the most developed branch),
making food the natural first target for cascade eval-
uation.

3.1 Source Resources and Field Resolution

An EQS record captures two independent qualia
features per entity type, grounded in Generative
Lexicon theory: FORMAL (sortal type, coarsened to
natural, artifactual, or instrument) and AGENTIVE
(yes if the entity’s type has a specific lexicalized
creation activity in BSO, unspecified otherwise).
These features are extracted automatically from
existing lexical resources: the sortal type via the
cascade described below, other fields via direct
single-resource lookup. Figure 2 shows the AVM
schema for two contrastive examples: cake (arti-
factual with a specific creation activity) and knife
(instrument that is also GL-correctly agentive but
whose creation is irrelevant to a recipe context).
The instrument-vs-artifact discrimination is
the operative concern that motivates the choice
of GL over simpler ontologies. =~ WordNet’s
noun.artifact lumps knives, bowls, and baked
goods together; ConceptNet (Speer et al., 2017)
has no systematic instrument tag; Wikidata’s (Vran-
deci¢ and Krétzsch, 2014) Q-types are too granular
to coarsen reliably. In BSO, lexicalized TELIC
roles are stored per-type, but the existence of a
TELIC role is also encoded in the non-terminal

51

eqs
ENTITY cake
FORMAL artifactual
AGENTIVE yes

eqs

ENTITY knife
FORMAL instrument
AGENTIVE  yes

Figure 2: EQS schema for two contrastive examples.
Cake’s agentive=yes (Bake Activity in BSO) licenses
a creation reading under co-composition with verbs
whose subevent matches; knife’s agentive=yes (Create
Material Entity) is GL-correct but operationally inert in
recipe context.

node names of the type hierarchy (e.g., Material
Object with InstrumentTelic). The cascade recovers
the instrument category by ancestor walking the
hierarchy alone, exploiting these node-name anno-
tations; the per-type lexicalized values are reserved
for finer-grained reasoning where ancestor walking
is insufficient (e.g., N-N compound resolution; see
§3.2).

The FORMAL field is resolved by a cascade of
three lexical resources, applied in priority order
with first-resource-wins per field. The BSO serves
as the primary resource: entity stems are looked
up in BSO’s ~50k-entry GL type hierarchy.! A
set of ancestor-matching rules (hand-crafted for
the food domain, external to BSO) walks the type
tree to classify each sense (e.g., Meat — natural,
Artifactual Food — artifactual, Material Object
with InstrumentTelic*> — instrument). For poly-
semous stems, all senses are checked; rule pri-
ority is set by their order in the domain profile,
and the cascade returns the sense whose ances-
tor chain triggers the earliest-listed rule. CoreLex
provides a polysemy-class fallback for entities out-
side BSO’s coverage, mapping lemmas to basic
types derived from systematic WordNet polysemy
patterns, though it cannot distinguish instruments
from general artifacts. WordNet supersenses serve
as the last layer, mapping synsets to coarse type cat-
egories (noun.plant — natural, noun.artifact

'The cascade consumes the BSO release accompanying
this paper at http://brandeis-11c.github.io/bso. BSO
has been refined incrementally since its original publication
(Pustejovsky et al., 2006), kept internal until this release; food-
domain classifications are identical to the 2006 release used
in earlier development of the cascade.

2Specific BSO type labels are subject to revision in future
releases; the example rules here document the cascade’s rule
table at submission. The instrument-vs-artifact discrimination
is structural in the type hierarchy and survives label changes.


http://brandeis-llc.github.io/bso

Field Value Count Source Sample n correct precision

FORMAL natural 205 BSO—CL—WN precision-instrument 49 45 0.918

(coverage:  artifactual 118 precision-food 40 25 0.625

84.7%) Instrument 16 recall sample (FN spot-check) 41 31 —

AGENTIVE  yes 93 BSO core qualia

(l%ogf;r:;lge: None 425 Table 2: FORMAL evaluation on a stratified sample. Es-
. (4

Table 1: EQS field resolution and FORMAL distribu-
tion on OpenPI Food vocabulary (518 entity types; 79
unresolved across five backend-limitation categories).
Fields are independent: different resources, different
GL layers.

— artifactual); noun. food is skipped as ambigu-
ous between natural and artifactual. Lexicalized
food compounds (e.g., ice cream, peanut butter,
olive oil) fall in WordNet’s ambiguous noun. food
class and remain unresolved by the cascade; these
surface as one of the five backend-limitation cate-
gories discussed in §6.

The AGENTIVE field is resolved independently,
by BSO core qualia lookup only. It is populated
when BSO’s type hierarchy annotates a specific
creation activity on the entity’s type, for example,
Bake Activity on Baked Good, or Stew Food Ac-
tivity on Stew. Generic placeholders (e.g., Pre-
pare Food Activity on the Food supertype) are ex-
cluded, as they indicate the type can have origins,
not that it has a specific lexicalized one. BSO
stores the specific activity value, but EQS binarizes
it to yes/none; the specific activity becomes rele-
vant only at co-composition time, when the verb’s
subevent structure is available for matching (§5).

Our target corpus is the OpenPI “Food and En-
tertaining” subset restricted to concrete-goal docu-
ments across all three splits: 169 documents (train
150/ dev 12/ test 7), 840 steps, and 9367 transfor-
mation annotations. Table 1 summarizes coverage
and distribution. Of 518 entity types in this vocabu-
lary, 439 (84.7%) are resolved on FORMAL; the 79
unresolved entities fall into five backend-limitation
categories (noun. food compounds, productive N-
N compounds, brand names and rare lemmas, con-
junctions, surface-form variants), discussed in §6.

3.2 Validation and Evaluation

Cross-resource disagreement. FORMAL resolu-
tion has no external gold standard at the type level.
As an internal sanity check, every lemma is re-
solved against all three cascade backends uncondi-
tionally (bypassing the first-wins shortcut) and the
resulting type categorizations are compared across
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timated overall recall 0.575 (FN rate 0.244 extrapolated
to the non-instrument population), giving F1 0.707.

resources; cross-resource disagreement serves as a
built-in quality metric. Of 518 entities, 167 (32.2%)
show cross-resource disagreement on FORMAL,
falling into three patterns: (1) BSO=instrument
vs. CL/WN-=artifactual (~85%; CL/WN lack an in-
strument category; BSO correct); (2) BSO=natural
vs. CL=artifactual (polysemy in CoreLex; BSO cor-
rect); (3) 18 entities with no BSO coverage where
CL and WN disagree, adjudicated against the SIM-
PLE OWL ontology (Toral and Monachini, 2007).
The pattern analysis confirms first-wins resolution
is correct in the large majority of cases.

Manual evaluation (FORMAL). We comple-
ment cross-resource disagreement with a strati-
fied manual spot-check. A trained linguist fa-
miliar with GL theory adjudicated three sam-
ples: 50 instrument-predicted entities (precision-
instrument), 50 food-predicted entities (precision-
food), and 50 non-instrument entities mentioned in
OpenPI annotations (recall, sampled false-negative-
style). Adjudications use cascade evidence (BSO
type chain, CoreLex polysemy class, WordNet su-
persense) for the prototype-level type judgment.
We exclude 19 rows whose decision was sourced
from outside the cascade backends (e.g., from
CoreLex-only or WordNet-only fallback) since
they cannot test cascade behavior directly; their
adjudications remain valid type judgments and are
reported separately as cascade-blind-spot evidence.
Effective sample sizes are 49 / 40 / 42. Table 2
reports per-sample precision; the recall sample sup-
ports an estimated recall of 0.575 and F1 of 0.707
by extrapolating the false-negative rate to the non-
instrument population.

Error analysis (N-N compounds). The domi-
nant error pattern on precision-instrument is noun-
noun compounds with a food-noun modifier and a
container-noun head: vodka bottle, vanilla extract
bottle, marshmallow package, strawberry custard
dish. All four precision-instrument errors on the
50-entity sample come from this pattern. The cas-



Sub-sample n correct rate
agentive=yes & food 12 11 0917
agentive=yes & instrument 25 0 0.000
agentive=None (FN check) 25 8 0.320

Table 3: AGENTIVE evaluation on three sub-samples.
“Correct” indicates whether the AGENTIVE label cor-
rectly reflects recipe-relevant creation: for agentive=yes
rows, the entity is something the recipe creates (cake,
bread); for agentive=None rows, the entity is not created
in the recipe (pre-existing tools, ingredients). For in-
struments, every instance is GL-correct (the instrument
was manufactured) but not recipe-relevant. 17/25 agen-
tive=None cases are false negatives where BSO misses
an applicable creation activity.

cade’s head-noun fallback consistently selects the
container reading; adjudicators selected the content
reading because the modifier is food. This is the
canonical N-N compound polysemy problem: mor-
phology alone cannot distinguish [vodka bottle]
(the contents) from [glass bottle] (the container).
Ye et al. (2025) address this problem with a neural
approach: LLM textual enrichment that surfaces
qualia-role binding through prompt augmentation.
A complementary symbolic route would consult
the head noun’s TELIC quale (encoded in BSO but
not currently invoked by the cascade), matching
the modifier’s sortal type against the container’s
functional content type; this is a localized cascade
extension rather than a methodological revision.

Manual evaluation (AGENTIVE). We addition-
ally evaluate AGENTIVE on three sub-samples re-
flecting the field’s three operational states (Table 3).
The 12 agentive=yes food entities show 91.7% pre-
cision: when EQS asserts a specific creation activ-
ity for a food entity, the assertion is almost always
correct. The 25 agentive=yes instrument entities
show 0% operational relevance: every instance is
GL-correct (the instrument was manufactured) but
the creation history is irrelevant in recipe context.
The agentive=None sample (25 entities) shows that
BSO misses creation activities for 17 of 25 (68%);
BSO’s qualia coverage is sparser than the opera-
tional landscape suggests.

3.3 Auditing OpenPI

We operationalize instrument as an artifact whose
procedural role is functional-use, not being trans-
formed (state-changed): containers, tools, appli-
ances, surfaces, and measurement gear. The op-
erational test is whether the recipe produces or
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transforms the entity, or whether it uses the entity
to do work on food; the latter is instrument.

The audit itself is a cross-reference: for each of
the 9367 OpenPI food-domain annotations, we look
up the entity’s EQS FORMAL value and partition
annotations by entity category. Entities classified
as instrument are predicted to be peripheral to
food-state tracking—their annotations record tool
and container state (bowl weight, knife cleanness,
oven temperature) rather than the event’s food-level
output, though such annotations may be informa-
tive for other purposes (e.g., workflow modeling).
Entities classified as natural or artifactual are
predicted to carry the food-state signal.

This is deliberately simple: a single symbolic
feature (FORMAL) applied without any verb-side
analysis, role binding, or co-composition. The con-
tribution is showing how much incidental anno-
tation one entity-level symbolic classification can
detect. A richer consistency taxonomy (distinguish-
ing consistent annotations (food entity, food-state
change) from lexically-underspecified ones: food
entity in a process event showing state change that
the verb’s subevent structure does not predict; cf.
Generalized Result Role, Jezek and Melloni 2011;
Rim et al. 2023) requires pairing the EQS classifi-
cation with predicate-side subevent structure; Rim
and Pustejovsky (2026) provide the complementary
verb-side analysis.

4 Results: Incidental-Annotation Analysis

Table 4 presents the primary result. Cross-
referencing EQS FORMAL against 9367 OpenPI
food-domain annotations reveals that 51.1% in-
volve entities classified as food (natural or arti-
factual). The largest incidental category is instru-
ment tracking (30.2%): annotations on entities such
as bowl, knife, spoon, and blender, classified as
instrument by the cascade, whose identity per-
sists through the event regardless of what attribute
changes annotators recorded. The 18.7% unre-
solved category includes entities not in the EQS
vocabulary, falling across five backend-limitation
categories (§6). A complementary keyword-based
analysis identifies 49% of annotations as low-
value via attribute-name matching (location 21.5%,
weight 7.6%, cleanness 7.3%); the two methods are
complementary, as EQS catches incidental annota-
tions from non-food entities entirely while keyword
matching catches incidental annotations within
food-entity records (e.g., location-only changes on



Category Trans. %
Food signal (natural + artifactual) 4786 51.1
Instrument (incidental) 2829 30.2
Unresolved / not in EQS 1752 18.7
Total 9367 100.0

Table 4: OpenPI food annotations by EQS entity cat-
egory. 51.1% involve actual food entities; 30.2% is
incidentally tracked instrument state detected by FOR-
MAL, not surface keywords.

Flagged by Trans. % of 9367
EQS only 1458 15.6
OpenPI-C only 2760 29.5
OpenPI 2.0 (local-salience) only 286 3.1
All three 222 24
None (kept by all three) 3109 33.2
EQS total 2829 30.2
OpenPI-C total 4350 46.4
OpenPI 2.0 total 1055 11.3

Table 5: Three-way comparison: EQS instrument-flag
vs. OpenPI-C re-annotation vs. OpenPI 2.0 per-step low
local-salience (< 2). EQS uniquely catches 15.6% of
annotations the empirical methods miss. We do not use
V2’s entity clusters or paraphrase expansion because
those layers have sub-50% F1 against unreliable gold.

food items).

Comparison with empirical cleanup methods.
Table 5 compares EQS’s instrument-flag against
the two empirical cleanup methods reviewed in
§2: OpenPI-C’s three-stage human re-annotation
(Wu et al., 2023) and OpenPI 2.0’s per-step LLM
salience scoring (Zhang et al., 2024). EQS uniquely
flags 15.6% of annotations that neither OpenPI-C
nor OpenPI 2.0’s local salience catches: instrument-
typed entities whose state changes the empirical
methods retain as relevant. Only 2.4% of anno-
tations are flagged by all three methods simulta-
neously; conversely, 33.2% are retained as signal
by every method, providing a high-confidence con-
sensus subset. The three filters are complemen-
tary: they ground their decisions on different evi-
dence (entity ontology, annotator agreement, LLM-
derived salience) and catch different incidental cat-
egories.

5 Discussion

5.1 When Argument Qualia Become

Operative

The FORMAL field drives the incidental-annotation
analysis in §4, but GL theory predicts that the

54

AGENTIVE quale should provide a finer distinc-
tion: whether an entity undergoes creation (its ori-
gin process is instantiated by the event) or merely
transformation (its identity is preserved). We test
this prediction by cross-referencing the AGENTIVE
field against OpenPI annotations.

Of 2626 annotations on AGENTIVE=yes entities,
93.1% involve instruments such as bowl, blender,
pan, and knife (Table 6). These are GL-correctly
agentive: a knife was manufactured, and BSO
records a Create Activity on its type. But a knife’s
origin process is irrelevant in a recipe context; the
recipe does not create knives. Only 12 food entity
types (182 annotations, 6.9%) have genuinely oper-
ative AGENTIVE qualia: cookies, bread, cake, crust,
wine, beer, among others, whose creation process
(baking, brewing) may actually be instantiated by
the procedural verb.

The AGENTIVE quale answers a type-level ques-
tion “does this entity have a lexicalized origin pro-
cess?” not a compositional one “does this event
instantiate that origin?” The distinction between a
knife’s irrelevant manufacturing and a cake’s opera-
tive baking emerges only when the verb’s semantic
structure is available for matching: bake instanti-
ates cake’s AGENTIVE quale (Bake Activity); move
does not. BSO stores the specific activity value
(not just yes/none), making this matching feasible
in principle, but it requires the predicate side: a
co-composition operator that is beyond the scope
of the present work.

This finding mirrors a complementary result
from the predicate side: Rim and Pustejovsky
(2026) show that VerbNet-GL’s verb-only predic-
tion achieves only 29.4% overall accuracy for en-
tity identity change, because the verb’s subevent
structure cannot determine the outcome without
argument qualia. Our agentive analysis confirms
the converse: argument qualia cannot determine
the outcome without the verb. The 76% of process-
event steps that show state changes in the OpenPI
data despite VN-GL predicting no result state pro-
vide further context: EQS’s FORMAL can distin-
guish which of these are legitimate (food entities
undergoing implicit transformation) from inciden-
tal (instrument state tracking), but the full reso-
lution (predicting what kind of change each food
entity undergoes, e.g., whether AGENTIVE licenses
creation or transformation) requires both sides of
the composition.



Category Trans. % of ag=yes
Instrument 2444 93.1
Food (natural + artifactual) 182 6.9
Total agentive=yes 2626 100.0

Table 6: Breakdown of AGENTIVE=yes transformations.
93.1% involve instruments, GL-correctly agentive (man-
ufactured), but whose creation is irrelevant to the proce-
dural context. The feature becomes operative only when
composed with the verb’s subevent structure.

5.2 Repairing the Symbolic Backbone

The audit exposes lexicographic coverage gaps that
the symbolic backbone alone cannot resolve. A
representative case: BSO has platter with senses
{Food, Music Artifact} but no Tableware/Dish
sense, so the food-domain rule priority picks the
Food reading and the contextually-correct table-
ware reading is unreachable; sibling lemmas (bowl,
plate, serving bowl) resolve correctly because a
Dish sense is present, and absence is silent.

These gaps live in the data layer, not in the A-V
extraction method, so the natural place for repair
sits outside our pipeline. Manual lexicographic cu-
ration is the canonical option, but it scales poorly
against a resource the size of BSO. Considering re-
cent advancements in language models, one promis-
ing route is LL.M-assisted, corpus-rooted reevalu-
ation, where model proposals surface candidate
senses or relations and the symbolic backbone
serves to validate them against the existing type
hierarchy: a division of labor that uses each side
for what it does best. The cross-resource disagree-
ment signal we use for validation (§3.2) is a useful
place to begin, since it already flags the lemmas
where coverage is contested.

5.3 Domain Specificity of the Work

Domain specificity in our pipeline is concen-
trated at two points, both surfaced through a
single DomainProfile object in the implementa-
tion: the BSO ancestor rules (the paper’s explicit
food-domain contribution, a small reviewable GL-
grounded artifact), and the WordNet noun. food
supersense skip. The most immediate generaliza-
tion target is OpenPI’s Home and Garden topic, the
second-largest concrete-procedure slice within the
same corpus (146 concrete documents vs. Food’s
169; 5552 concrete transformations vs. Food’s
9367) and conceptually adjacent, requiring only
DomainProfile changes rather than architecture

55

changes. Procedural domains farther from cooking
(medical protocols, industrial workflows, scientific
procedures) use the same attach point but addition-
ally require sourcing domain-appropriate corpora
beyond OpenPl.

A related concern is within-resource bias: each
backend brings its own design choices that bias
classification. Polysemy resolution illustrates this:
lemmas like oil (BSO senses Fat, Painting, Com-
bustible, Ointment) or dressing (Clothing Arti-
fact, Seasoning) are resolved by walking each
sense against the BSO ancestor rules, and for food-
domain entities this typically lands on the intended
sense, but the mechanism is an implicit domain
prior rather than contextual disambiguation. Com-
parable choices in WordNet supersense priority and
CoreLex polysemy classes contribute their own bi-
ases. These are bias by design in the food domain;
the same architecture, configured differently, would
express different biases in another domain.

A complementary kind of adaptability concerns
the task rather than the domain: the framing of an
entity as “incidental” is itself task-relative. Instru-
ment annotations are peripheral to food-state track-
ing but signal for workflow- or tool-modeling tasks,
where tracking pan temperature and knife clean-
ness IS the point. EQS’s symbolic typing offers a
re-orientable filter rather than a fixed noise/signal
partition; swapping the relevance class re-uses the
same cascade output.

6 Conclusion

We have presented three contributions. First, EQS:
a per-entity qualia representation automatically ex-
tracted from noun-level lexical resources, achiev-
ing 84.7% coverage on the OpenPI food-domain
vocabulary with a 32.2% cross-resource disagree-
ment rate that serves as a built-in quality diagnostic.
Second, an incidental-annotation analysis showing
that 51.1% of OpenPI food annotations track gen-
uine food-state change, with 30.2% constituting
incidental instrument tracking detectable by entity
type alone. Third, an agentive analysis demonstrat-
ing that argument qualia—even when GL-correctly
assigned—are not operative without semantic coun-
terpart: 93% of agentive-positive annotations in-
volve instruments whose creation is irrelevant to
the procedural context.

A primary limitation is coverage: the 18.7% un-
resolved category is not exclusively low-frequency
entities, but falls into five backend-limitation cat-



egories, each pointing to a different repair locus.
Two sit at the lexical-data layer. noun. food com-
pounds (e.g., ice cream, peanut butter, olive oil)
fall into WordNet’s ambiguous food class that the
cascade deliberately skips because it conflates nat-
ural and artifactual readings; resolving them needs
either a curated lexicalized-compound list or the
kind of LLLM-assisted sense disambiguation dis-
cussed in §5. Brand names and rare lemmas are
out-of-vocabulary in all three backends and require
either resource extension or surface-form heuristics
(capitalization, brand databases).

Two sit at the preprocessing layer. Surface-form
variants (plurals, inflections, casing) fall through
because BSO is keyed on singular stems, address-
able by adding a better lemmatization at lookup
time or by extending the stem index with surface
variants. Conjunctions (salt and pepper, cream and
sugar) decompose into individually-classifiable
components, but conjoined mentions are not cur-
rently split before lookup.

Productive N-N compounds (vodka bottle, straw-
berry custard dish) sit at the compositional layer
and are the theoretically interesting case; their res-
olution requires reasoning over both modifier and
head qualia, as outlined in the N-N error analysis
(8§3.2).

More broadly, these results suggest that sym-
bolic qualia structure can provide an ontologi-
cal audit layer that purely human-judgment and
LLM-judgment approaches to annotation quality
lack. Future work will complete the composi-
tional picture by matching the verb-side seman-
tics against the EQS representation; address the
domain-specificity limitation discussed in §5 by
scaling the audit to other procedural domains, start-
ing with OpenPI’s immediately adjacent Home and
Garden slice and extending to medical, industrial,
and scientific procedure corpora; and feed the re-
sulting typed entity layer into operational entity-
state pipelines that require sortal-type filtering at
input.
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Abstract

Research on Event Extraction (EE) in South
Asian languages is crucial for understand-
ing information dissemination and enabling
automated news analysis in morphologically
rich, low-resource settings. To address the
scarcity of high-quality, publicly available
datasets, we present Nepali Event Extraction
(NepEE), a manually annotated corpus com-
prising 10,226 Devanagari sentences. The
dataset includes annotations for trigger identi-
fication and event type classification, achiev-
ing high inter-annotator agreement with Fleiss’
K = 0.812 for trigger identification and k =
0.855 for event classification. Our dataset was
developed through a rigorous iterative three-
phase protocol involving five expert native
speakers to ensure linguistic precision. We
conduct benchmarking across a broad spec-
trum of approaches, including classical feature-
based models, five fine-tuned Transformer en-
coders, and contemporary instruction-tuned
Large Language Models (LLMs) using zero-
shot and fixed few-shot prompting. Our
analysis shows that Indic-specialized Trans-
formers achieve superior classification perfor-
mance, while traditional methods and few-shot
prompting struggle with the challenges of ex-
act span extraction in morphologically com-
plex contexts. Furthermore, we quantify per-
formance differences between sentence-level
and span-level tasks, establishing strong base-
lines for future research. The findings and re-
leased NepEE dataset provide a valuable re-
source for advancing event understanding in
low-resource languages (LRLs). The dataset,
code, and experimental resources are pub-
licly available at GitHub/SUJAL390/EEUCA-
ACL-2026.

*The authors contributed equally to this work and are des-
ignated as joint first authors. The author order follows alpha-
betical order by last name.
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1 Introduction

Event Extraction (EE) is an important task in In-
formation Extraction (IE), moving beyond entity
recognition toward identifying structured event
information from unstructured text (Hiirriyetoglu
etal.,2025; Xiang and Wang, 2019; Li et al., 2022).
The task is commonly divided into two interre-
lated subtasks: Trigger Identification, which in-
volves anchoring an occurrence to its most salient
lexical unit, and Event Type Classification, which
maps that anchor to a specific node in a prede-
fined semantic taxonomy. While the field has wit-
nessed a paradigm shift toward high-performance
neural architectures facilitated by mature bench-
marks such as the Automatic Content Extraction
(ACE) 2005 and the Event and Relation Extraction
(ERE) corpora (Doddington et al., 2004; Walker
et al., 2006), these advances have largely bypassed
low-resource languages (LRLs) like Nepali. This
digital divide creates a significant bottleneck for
the deployment of context-aware systems in the
South Asian region, where timely IE is a prerequi-
site for applications ranging from automated news
synthesis to real-time disaster response monitoring
(Grishman, 2019).

Nepali, an Indo-Aryan language spoken by ap-
proximately 30 million individuals, exhibits a com-
plex set of linguistic peculiarities that challenge
traditional extraction frameworks based on West-
ern European languages. Nepali, a morpholog-
ically rich SOV language, employs intricate ag-
glutinative structures and compound verb clusters,
e.g., ﬁW MU (was appointed), to denote ac-
tions. Unlike English, where a trigger is often a
distinct lexical unit, Nepali triggers are frequently
nominalized or split, where a verbal noun such as
TEHIAT (agreement) carries the primary seman-
tic load of the event. Furthermore, the extensive
use of honorifics and auxiliary inflections neces-
sitates granular character-level span detection to
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avoid the inclusion of extraneous morphological
markers. Recent research in the region, includ-
ing the Nepali Language Understanding Evalua-
tion (NLUE) benchmark (Nyachhyon et al., 2025),
has successfully pioneered foundational tasks like
Named Entity Recognition (NER) and Part-of-
Speech (POS) tagging; however, event-level se-
mantic parsing remains underexplored.

To bridge this infrastructure gap, we present
a novel, high-quality, human-annotated dataset
specifically curated for Nepali trigger identifica-
tion and event type classification. Recognizing
the inherent subjectivity and linguistic nuance in-
volved in semantic labeling, we implemented a
rigorous annotation protocol involving five native
Nepali speakers with advanced expertise in lin-
guistics and media analysis. To ensure the sci-
entific validity and reproducibility of the corpus,
we conducted an exhaustive inter-annotator agree-
ment analysis, yielding a Fleiss’ x of 0.812 for trig-
ger identification and 0.855 for event type classifi-
cation. According to the diagnostic benchmarks es-
tablished by Landis and Koch (1977), these coeffi-
cients indicate near-perfect agreement, validating
our annotation guidelines as a robust and scalable
framework for capturing the nuances of Devana-
gari event semantics. Our schema covers eight di-
verse event categories, including Disaster and Ac-
cidents, Political, and Economic Event, providing
a representative cross-section of the contemporary
Nepali media landscape.

Beyond the introduction of the corpus, this pa-
per establishes a comprehensive computational
baseline by evaluating the proposed dataset across
four distinct modeling paradigms to delineate the
current performance ceiling. We contrast classi-
cal machine learning frameworks, such as feature-
engineered Support Vector Machines (SVM) and
Random Forests, with state-of-the-art (SOTA)
Transformer-based architectures and Large Lan-
guage Models (LLMs). This evaluation includes
massive multilingual encoders such as mBERT
(Devlin et al., 2019) and XLM-RoBERTa (Con-
neau et al., 2020), alongside regionally optimized
models like IndicBERTvV2 (Doddapaneni et al.,
2023) and the specialized nepaliBERT (Ghimire,
2022). Furthermore, we benchmark the genera-
tive capabilities of leading LLMs including Qwen-
2.5 (Qwen et al., 2025), Gemma-3 (Team et al.,
2025), Phi-4 (Abdin et al., 2024), and Llama-
3.1 (Grattafiori et al., 2024) under both zero-shot
and fixed few-shot prompting configurations. Our
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results not only provide a rigorous performance
benchmark but also offer a diagnostic analysis of
the hard cases in Nepali EE, such as indirect phras-
ing and nominalized triggers, that continue to chal-
lenge modern Natural Language Understanding
(NLU). Through this work, we provide the founda-
tional data and empirical framework necessary to
support future research on South Asian NLU, fos-
tering a more inclusive and linguistically diverse
global Al ecosystem.

2 Related Work

To contextualize the challenges addressed by
NepEE, we review prior research spanning event
extraction benchmarks, multilingual transformer
architectures, and Nepali natural language under-
standing.

2.1 Foundational Benchmarks and the
Evolution of Event Extraction

The trajectory of EE as a distinct sub-discipline
of IE has been fundamentally shaped by the avail-
ability of high-quality, human-annotated corpora.
Early foundational efforts were anchored by the
ACE 2005 program (Doddington et al., 2004)
and the subsequent ERE datasets (Walker et al.,
2006), which established the canonical two-stage
paradigm: Trigger Identification and Argument
Role Labeling. While these benchmarks facilitated
the transition from pattern-matching heuristics to
statistical and neural models, their linguistic foun-
dations are deeply rooted in Western European syn-
tax.

Recent scholarship has highlighted the inade-
quacy of these schemas when applied to languages
with distinct typological features. As noted by
Grishman (2019), the reliance on distinct, mono-
lexemic triggers in English does not easily port
to languages where event anchors are distributed
across complex morphological clusters. To ad-
dress the limitations of the small-scale ACE cor-
pora, the community introduced massive general-
domain datasets such as MAVEN (Wang et al.,
2020) and RAMS (Ebner et al., 2020), which ex-
panded the taxonomic depth of events to thousands
of categories. However, these datasets continue
to exhibit a significant high-resource bias. Our
work bridges this gap by introducing a standard-
ized semantic benchmark for Nepali, focusing on
the structural complexities of trigger identification
and event type classification.



2.2 The Cross-Lingual Gap in Transformer
Architectures

The advent of pre-trained Transformer architec-
tures has redefined the state-of-the-art for se-
quence labeling and semantic parsing. Multilin-
gual encoders, such as mBERT (Devlin et al.,
2019) and XLM-RoBERTa (Conneau et al., 2020),
have demonstrated remarkable cross-lingual trans-
fer capabilities by mapping diverse languages into
a shared embedding space. While foundational re-
search in domain adaptation suggests that learn-
ing shared representations is an optimal strategy
for transfer learning (Glorot et al., 2011; Bengio,
2012), recent empirical studies on Low-Resource
Languages (LRLs) reveal a more nuanced real-
ity. Specifically, massive multilingual models of-
ten exhibit a “curse of multilinguality,” where the
representation quality for any single language may
be diluted as the number of supported languages
increases under a fixed parameter budget. How-
ever, this limitation is not an absolute law; re-
cent work suggests that increasing model capac-
ity, utilizing Mixture-of-Experts (MoE), or lever-
aging high-quality instruction-tuning data (such as
Bactrian-X (Li et al., 2023)) can effectively mit-
igate these bottlenecks. Despite the rise of Large
Language Models (LLMs), fine-tuned encoders re-
main indispensable for specific extraction tasks,
as zero-shot prompting of generalist models can
still underperform compared to dedicated, task-
specific baselines (Chen et al., 2024).

For morphologically rich scripts, research indi-
cates that monolingual pre-training or specialized
vocabulary adaptation significantly outperforms
zero-shot cross-lingual transfer (Pfeiffer et al.,
2020). In the South Asian context, the develop-
ment of Nepali-BERT Ghimire (2022) represented
a significant milestone, providing a model trained
on native Devanagari corpora that captures the
unique distributional semantics of Nepali more
effectively than generalized multilingual counter-
parts. Our benchmarking framework extends this
line of inquiry by evaluating whether these mono-
lingual advantages translate to high-level semantic
tasks like sentence-level trigger identification, par-
ticularly in the presence of complex agglutinative
inflections and honorific markers that are often ab-
sent in multilingual training sets.
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2.3 Event Extraction in Indic and South
Asian Languages

Research into EE for the Indo-Aryan language fam-
ily has gained momentum, yet remains fragmented.
Studies in Hindi have leveraged deep neural archi-
tectures for event-centric extraction tasks (Sahoo
etal.,2020). However, Nepali presents a unique ty-
pological profile characterized by its specific han-
dling of nominalized triggers and compound verb
clusters. Unlike Hindi, where certain auxiliary
structures are more standardized, Nepali exhibits
a higher degree of verbal agglutination where the
semantic core of an event may be embedded within
a multi-token cluster (e.g., ﬁ'{ﬁlﬁ‘ qT) (was ap-
pointed).

Furthermore, existing IE efforts in the region of-
ten conflate Nepali with other Devanagari-based
languages, failing to account for its distinct verb-
final (SOV) constraints and its extensive use of
verbal nouns as action anchors. Recent work on
the IndicNLPSuite (Kakwani et al., 2020) provided
foundational resources for many South Asian lan-
guages, yet high-level tasks like event-centric
NLU for Nepali were not included in the original
benchmarks. By introducing a human-annotated
EE corpus with near-perfect inter-annotator agree-
ment (k > 0.8), we provide one of the first large-
scale efforts to formalize event-level semantics
for Nepali, distinguishing it from general Indic-
language extraction models.

2.4 The Consolidation of Nepali Natural
Language Understanding

Historically, Nepali NLP was confined to foun-
dational tasks such as rule-based (POS) tagging,
Named Entity Recognition (NER) like Everest-
NER (Niraula and Chapagain, 2022), and basic
sentiment Analysis (Bal, 2004). The landscape
underwent a rapid modernization with the intro-
duction of the Nep-gLUE and NLUE benchmark
(Timilsina et al., 2022; Nyachhyon et al., 2025).
These benchmarks provided standardized datasets
for NER, question answering, and document clas-
sification, thereby creating a performance baseline
for the language.

Despite these advances, a significant gap re-
mains in the domain of high-level semantic extrac-
tion (Rauniyar et al., 2023; Thapa et al., 2023).
Current Nepali NLU benchmarks primarily focus
on entity-level or document-level tasks, leaving
the intermediate layer of sentence-level event se-



mantics unaddressed. As Nyachhyon et al. (2025)
argue, the development of sophisticated NLU for
Nepali requires moving beyond foundational syn-
tax toward structured knowledge extraction. We
present a novel gold-standard dataset for Nepali
EE, covering both trigger identification and event
type classification. Our work establishes a bench-
mark for this task by evaluating a range of models,
including classical machine learning algorithms,
multilingual transformers, domain-specific Nepali
transformers, and LLMs (zero-shot and fixed few-
shot prompting). This framework provides a rigor-
ous diagnostic for how different architectures han-
dle the unique semantic and structural challenges
of the Devanagari script.

3 Dataset

In this section, we describe our data collection pro-
cess and the iterative annotation schema developed
for the Nepali EE task.

3.1 Data Collection

The dataset was constructed from a publicly re-
leased corpus of 65,000 Nepali sentences (Paudyal,
2017). From this base corpus, we curated sen-
tences through a controlled selection procedure de-
signed to ensure event salience and annotation suit-
ability.

Sentences containing explicit eventive expres-
sions, including verbal predicates and nominalized
forms, were prioritized. Each sentence was manu-
ally reviewed by five trained native Nepali speak-
ers to verify semantic completeness and contextual
interpretability prior to annotation. During selec-
tion, we continuously monitored class frequencies
and applied corrective sampling to maintain bal-
anced representation across the eight event cate-
gories. The final dataset consists of 10,226 sen-
tences with a stable class distribution, as shown in
Table 2.

3.2 Annotation Process

To ensure high-quality annotations, we engaged
five experienced native Nepali speakers possess-
ing a deep understanding of local linguistic struc-
tures and media discourse. Annotators were pro-
vided with comprehensive guidelines, complete
with illustrative examples, for the two primary
tasks: trigger identification and event type clas-
sification. To maximize inter-annotator consis-
tency and resolve linguistic ambiguities, we imple-
mented a structured, iterative three-phase annota-
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tion schema (illustrated in Figure 1). This protocol
consisted of an initial dry run, an instruction revi-
sion phase, and a final conflict resolution phase.

+ Initial Dry Run: We initiated the annotation
process with a dry run of 40 sample sentences.
This phase was crucial in gauging the effec-
tiveness of the guidelines. Initially, annota-
tors faced confusion in identifying the mini-
mal span for compound verb clusters. For in-
stance, in the phrase A< ﬁ'@ S (has
provided a grant), some annotators selected
the entire phrase, while others selected only
the core nominalized trigger T (grant).
These edge cases were logged for subsequent
guideline refinement.

* Instruction Revision Phase: Building upon
insights from the dry run, the annotation pro-
cess entered a second phase where 100 addi-
tional sentences were annotated. During this
phase, annotators were provided with refined
instructions, which were adjusted based on
the feedback from the initial dry run. This
step aimed to enhance the clarity and preci-
sion of annotations, particularly in identify-
ing split predicates and character-level bound-
aries for triggers.

+ Conflict Resolution: In the final stage, anno-
tators engaged in a collaborative discussion to
address discrepancies that arose while anno-
tating 100 sentences after the revision of in-
structions. This consensus-building process
allowed for a thorough review of annotations
and a shared understanding of the final guide-
lines. The resolution of occasional ambigu-
ities was achieved through regular meetings
and consultations with experts in annotation.
The resolution of ambiguities ensured consis-
tency and accuracy of annotations, enhancing
the overall quality of the Nepali Event Extrac-
tion (NepEE) dataset.

3.3 Annotation Guidelines

To ensure annotation consistency and linguistic
consistency, we devised detailed annotation guide-
lines to assist the annotators. Given a sentence,
it was annotated for two primary interdependent
tasks: trigger identification and event type classifi-
cation.



Table 1: Comparative Summary of Benchmarking and Event Extraction Tasks. EN = English, ZH = Chinese, AR
= Arabic, NE = Nepali, Trigger ID = Trigger Identification, Event Class. = Event Type Classification,

Work Task Datasets Data Size Language
Doddington et al. (2004)  Entity, Relation, Event Ext. ACE ~1.1M words EN, ZH, AR
Wang et al. (2020) Event Detection (ED) MAVEN 118,732 instances EN

Ebner et al. (2020) Multi-Sentence Arg. Linking RAMS 9,124 events EN
Kakwani et al. (2020) Multilingual NLU Bench. IndicGLUE 2,473,708 instances 11 Indic
Timilsina et al. (2022) Nepali NLU Benchmarking Nep-gLUE 286,941 annotations NE
Nyachhyon et al. (2025)  NLU Benchmarking (12 tasks) NLUE ~341K instances NE

Ours Trigger ID & Event Class. NepEE 10,226 sentences NE

Initial
Dry Run

Data
Collection

Instruction
Revision

Gl e | o |

Classical ML &
Transformers

Task A: Trigger
Identification

Final
Dataset
Task B: Event Type
Classification

Large Language
Models

Figure 1: Overview of the end-to-end pipeline for the NepEE dataset.

Table 2: Distribution of class labels for the Event Type
Classification task.

Task Label #Samples %
Political Event 1,419 13.8
Other Event 1,397 13.7
Economic Event 1,371 134
Sports Event 1,289 12.6
Entertainment Event 1,238 12.1
Health Event 1,227 12.0
Disaster and Accidents 1,174 11.5
Education Event 1,111 10.9
Total 10,226  100.0

A. Trigger Identification: This task identifies
the minimal lexical span that signals an event. In
a morphologically rich language like Nepali, trig-
gers are frequently complex. Annotators were
guided by the following criteria:

* Verbal Triggers: Identifying the minimal
span capturing the action, including auxiliary
verbs or compound forms e.g., Fg&T ¥T
(was appointed) when they constitute a single
semantic unit.

* Nominalized Triggers: Accepting verbal
nouns such as T&IET (agreement) or STYUIT
(announcement) when they function as the
primary action of the sentence.

B. Event Type Classification: Upon identifying
a trigger, annotators assigned one of eight prede-
fined event types based on the semantic context
(Table 3).
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Table 3: Event type classification schema used in anno-
tation. “Disaster & Acc.” denotes Disaster and Acci-
dents.

Event Type Description

Political Governance-related occurrences such as
appointments, resignations, or elections.

Economic Business activities, trade agreements, and
fiscal policy developments.

Sports Matches, tournaments, victories, or ath-
letic achievements.

Entertainment Film premieres, festivals, award cere-
monies, and artistic performances.

Health Disease outbreaks, medical updates, or
public health campaigns.

Disaster & Acc. Natural disasters, fires, or transportation
accidents.

Education Academic results, institutional announce-
ments, or education reforms.

Other Clear events not covered by the above cat-

egories.

C. Special Cases: Annotators were provided
with instructions for linguistic outliers. For Mul-
tiple Events in a single sentence, the primary trig-
ger was chosen. For Idioms or indirect phrasing,
annotators focused on clearly realized actions to
avoid over-annotation. This methodical approach
ensured the reliability and comprehensiveness of
the NepEE corpus.

4 Data Analysis

This section provides a detailed analysis of the
dataset.



Table 4: Fleiss’ Kappa across annotation phases.

Phase Annotators KTrig KType
Pilot Phase a1, a2, as 0.621 0.764
a2, Q3,04 0.645 0.781

a3, 04,05 0.638 0.775

Final Phase a1, qa,0s 0.805 0.849
2, 3,4 0.818 0.855

Qas, oy, Qs 0.814 0.861

Aggregated Final avg. 0.812 0.855

4.1 Inter-annotator Agreement

The reliability of a human-annotated semantic re-
source is fundamentally predicated on the degree
of consensus achieved among independent judges
(Fleiss, 1971; Falotico and Quatto, 2015). To quan-
tify this metric for the NepEE corpus, we em-
ployed Fleiss’ Kappa (k) to measure agreement
across our five native speakers for both the span-
level and category-level tasks. Our final analysis
yielded an overall agreement of x = 0.812 for trig-
ger identification and 0.855 for event type
classification.

A comparative analysis of the agreement coeffi-
cients across the longitudinal phases of the project
(Table 4) underscores the efficacy of our iterative
instruction refinement. The initial pilot phase re-
vealed a moderate agreement for trigger spans, pri-
marily due to the morphological ambiguity inher-
ent in Devanagari verb-particle clusters. However,
the subsequent instruction revision phase, which
formalized the boundaries for split-predicates and
nominalized action anchors, resulted in a substan-
tial performance uplift. According to the interpre-
tative benchmarks of Landis and Koch (1977), the
terminal scores indicate near-perfect agreement,
ensuring that the resulting dataset serves as a high-
quality benchmark for assessing the semantic gran-
ularity of modern Nepali NLU systems.

4.2 Linguistic Analysis: Keywords and Topic
Salience

To characterize the thematic and lexical proper-
ties of the NepEE corpus, we implemented a ro-
bust computational pipeline designed to address
the morphological complexity and orthographic
variations of the Nepali language. Our methodol-
ogy integrates Unicode NFC normalization to en-
sure consistent character composition, Devanagari-
specific regex filtering, and a custom-curated stop-
word removal process targeting high-frequency
functional noise. Leveraging a class-based TF-
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IDF (c-TF-IDF) framework, a supervised adapta-
tion of the procedure popularized by the BERTopic
framework (Grootendorst, 2022), we quantified
the salience of tokens across the eight event cat-
egories to identify the distinctive lexical features
associated with each class.

The c-TF-IDF results (see Appendix for lexical
distribution) demonstrate high semantic density
and categorical distinctiveness. For instance, the
Economic Event class is characterized by domain-
specific anchors such as 3T (share) and T
(NEPSE), while Disaster and Accidents exhibits
a strong correlation with vehicular and environ-
mental lexemes like FT (bus) and TELr (land-
slide). The emergence of these highly relevant key-
words validates the gold-standard manual annota-
tions, confirming that the dataset successfully cap-
tures the underlying thematic distributions of the
Nepali news corpus. It is also worth noting how
domain-specific context influences trigger seman-
tics. For example, in the Education Event cate-
gory, fasTET (victorious) frequently acts as a trig-
ger for student union elections or academic com-
petitions, while §59TA (operation) typically an-
chors events related to the opening or running of
educational institutions.

Furthermore, we conducted a trigger word am-
biguity analysis using a cross-tabulation matrix to
visualize trigger-class overlap (Figure A2). This
analysis quantifies trigger polysemy, the phe-
nomenon where a single lexeme sparks different
event types depending on the sentential context.
A primary example of semantic overlap is ob-
served in the trigger H<T (death), which appears
frequently in both Disaster and Accidents (n = 85)
and Health Event (n = 27). Similarly, while the
trigger ATaSTIa (public) shows a strong bias to-
ward Entertainment Event (n 77), its distri-
bution across multiple domains reflects its status
as a high-utility functional anchor in Nepali me-
dia discourse. This dual methodology of keyword
salience and trigger ambiguity analysis establishes
arigorous linguistic baseline, highlighting the chal-
lenges of contextual disambiguation inherent in au-
tomated Nepali EE.

5 Experimental Results and Analysis

To ensure a rigorous and reproducible evaluation,
our experimental design treats supervised and gen-
erative paradigms differently. For all supervised
models, including discriminative classical classi-



Table 5: Model performance for Trigger Identification.
Bold indicates the best model and F1 score within a cat-
egory; T indicates the overall highest performer.

Model Precision Recall Macro F1
Classical Models

CRF 0.6149  0.1916 0.2719
LogisticRegression 0.5569  0.2609 0.3400
RandomForest 0.6074 0.2104 0.2985
PassiveAggressive 0.4208  0.3394 0.3506
Transformer-based

IndicBERTv2 0.7302  0.6908 0.7093
XLM-RoBERTa 0.7445  0.6748 0.7058
NepaliBERT 0.6927  0.6083 0.6419
MuRIL 0.3044  0.3333 0.3182
mBERT! 0.7331  0.6955 0.7132
LLM (Zero-shot prompting)

Qwen2.5 0.3095  0.2495 0.2651
Gemma-3 0.2258  0.2128 0.2074
Phi-4 0.1494  0.4299 0.1929
Llama-3.1 0.1018  0.1959 0.1149
LLM (Few-shot prompting)

Qwen2.5 0.3035  0.3156 0.2889
Gemma-3 0.2679  0.3157 0.2722
Phi-4 0.2307  0.4999 0.2878
Llama-3.1 0.1886  0.2131 0.1820

Table 6: Model performance for Event Type classifica-
tion. Bold indicates the best model and F1 score within
a category; T indicates the overall highest performer.

Model Precision Recall Macro F1
Classical Models

SVM 0.7998  0.7768 0.7856
RandomForest 0.7420  0.7267 0.7320
LogisticRegression 0.7864  0.7779 0.7813
MultinomialNB 0.7762  0.7664 0.7700
Transformer-based

IndicBERTv2f 0.8520  0.8576  0.8536
XLM-RoBERTa 0.8276  0.8363 0.8298
NepaliBERT 0.8235  0.8262 0.8245
MuRIL 0.8002  0.8078 0.7923
mBERT 0.7915  0.7950 0.7925
LLM (Zero-shot prompting)

Qwen2.5 0.7015  0.6891 0.6852
Gemma-3 0.7769  0.6701 0.6977
Phi-4 0.7353  0.6691 0.6898
Llama-3.1 0.7004  0.5111 0.5259
LLM (Few-shot prompting)

Qwen2.5 0.7171 0.7124 0.7096
Gemma-3 0.7655 0.7474 0.7538
Phi-4 0.7318  0.6707 0.6848
Llama-3.1 0.7084  0.6574 0.6386
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fiers and fine-tuned transformer encoders, we uti-
lize a standardized 80/10/10 split (seed = 42) to
train, validate, and test the models strictly on un-
seen data. Conversely, because the instruction-
tuned Large Language Models (LLMs) underwent
no parameter updates or fine-tuning, there is no
risk of parameter leakage. Therefore, to obtain the
most statistically robust and comprehensive mea-
sure of their zero-shot and few-shot inference capa-
bilities, the LLMs were evaluated across the entire
dataset of 10,226 sentences.

5.1 Experimental Methodology

Linguistic Pre-processing Engine To address
the morphological richness and orthographic varia-
tions of Nepali, we developed a specialized linguis-
tic processor. The engine performs NFKC Uni-
code normalization and handles zero-width join-
ers. A core component of our pipeline is an Ortho-
graphic Consonantal Root Extractor, which gen-
erates a structural representation by stripping all
vowel signs (known as matras in Nepali) from the
token. This method mitigates inflectional variance
and was used as a fuzzy-matching fallback to align
triggers during data labelling for classical mod-
els. Furthermore, we integrate a TnT POS Tag-
ger (Brants, 2000) trained on the Nepali portion
of the Indian languages corpus to provide shallow
morpho-syntactic signals derived from POS tags
and suffix heuristics for our discriminative base-
lines.

Discriminative Baselines For trigger identifica-
tion, we framed the task as a token-wise classi-
fication problem using the BIO (Beginning, In-
side, Outside) tagging formulation (Ramshaw and
Marcus, 1995). We evaluated Conditional Ran-
dom Fields (CRF) (Lafferty et al., 2001) along-
side Passive-Aggressive (Crammer et al., 2006),
Random Forest, and Logistic Regression classi-
fiers. These models were vectorized via a contex-
tual feature window (w;_1,w;, w;41) incorporat-
ing extracted consonantal roots and POS tags. For
event type classification, we established lexical
baselines using SVM (Cortes and Vapnik, 1995),
Random Forest, Logistic Regression, and Multino-
mial Naive Bayes. All classical models were opti-
mized through the Optuna framework (Akiba et al.,
2019) across 60 trials per model.

Supervised Transformer Fine-tuning We
fine-tuned five SOTA encoder architectures: In-
dicBERTvV2 (IndicBERTv2-MLM-Sam-TLM),



MuRIL (muril-base-cased), XLM-RoBERTa
(xlm-roberta-base), NepaliBERT, and mBERT
(bert-base-multilingual-cased).  Trigger iden-
tification was implemented via token clas-
sification layers wusing subword-to-character
offset__mapping. Unlike the classical models,
transformers for trigger identification used strict
literal matching for trigger alignment to ensure
character-perfect span offsets. All models were
trained for 6 epochs with a learning rate of
2 x 10~° and a batch size of 32 on Kaggle’s T4
GPUs.

Generative LLM Evaluation We assessed the
zero-shot and few-shot prompting (k 2) ca-
pabilities of four leading models (see Appendix
for prompt templates): Qwen-2.5 (Qwen2.5-
7B-Instruct), Gemma-3 (gemma-3-4b-it), Phi-
4 (Phi-4-mini-instruct), and Llama-3.1 (Llama-
3.1-8B-Instruct). Because these models operate
strictly in inference mode, they were evaluated
across the full corpus to maximize statistical confi-
dence. Performance for trigger identification was
measured via token-level overlap F1 to accommo-
date the generative nature of the models. To en-
sure evaluation rigor, a heuristic-based label map-
per normalized generative outputs to our prede-
fined event categories. All LLM inference was per-
formed on Modal.com using NVIDIA L4 GPUs,
16GB RAM and the vLLM engine (Kwon et al.,
2023) for optimized throughput.

5.2 Performance Analysis and Insights

5.2.1 Task A: Trigger Identification

Span-level extraction (Table 5) proved substan-
tially more complex than classification. Super-
vised mBERT achieved the highest Fl-macro
(0.7132). Within the classical paradigm, the token-
wise Passive-Aggressive classifier (F'1 = 0.3506)
outperformed the CRF (F'1 = 0.2719), indicating
that high-dimensional local contextual signals are
highly discriminative for Nepali triggers.

5.2.2 Task B: Event Type Classification

As summarized in Table 6, the supervised In-
dicBERTv2 model achieves the overall highest
macro Fl-score (0.8536). A significant finding
is the robustness of optimized classical models;
the SVM baseline (F'1 = 0.7856) outperformed
several zero-shot LLM configurations, suggesting
that specialized morphological features effectively
capture event-thematic distributions in the Nepali
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news domain. Among LLMs, Gemma-3 demon-
strated the strongest few-shot performance (F'1 =
0.7538).

5.3 Error Analysis on Trigger Identification

Trigger Identification for LLMs was evaluated us-
ing a strict token-level overlap metric. Under
this framework, generative models heavily un-
derperformed, ranging from 0.1149 (Llama-3.1-
8B) to 0.2651 (Qwen2.5-7B) in zero-shot settings,
peaking at 0.2889 (Qwen2.5-7B) with few-shot
prompting. Because strict boundary-based metrics
severely penalize boundary inflation alongside cor-
rect spans, they obscure the models’ actual seman-
tic comprehension. We established a classification
taxonomy (Tables A2 and A3) to dissect these false
negatives.

The primary driver of precision failure is con-
textual over-extraction. Instead of isolating sin-
gle event triggers, models default to summariza-
tion, inflating token denominators. Given the
event text ‘T A ¢ ﬁ‘ TSR qTeld
WWWW ﬂlﬁwlchl AT ATIR

T fadeT amEmaET T HTqX a4

3
ter the Bhotekoshi flood on Asar 24 closed Ra-
suwagadhi checkpoint, the only remaining option
for import trade with China is the Tatopani bor-
der point.) (truth: FTET) (due to the flood),
Llama-3.1 extracts an entire argument summary:
(Bhotekoshi River, flood, Rasuwagadhi check-
point, import, trade, Tatopani border point). This
generative habit drives Llama’s severe in-sentence
span mismatch rate (46.3% zero-shot prompting;
65.8% few-shot prompting).

Furthermore, morphologically rich Nepali text
induces systematic boundary misalignment. Mod-
els frequently capture inflectional suffixes and aux-
iliary verbs alongside the root trigger. For the nom-
inal trigger FE (increase), Gemma-3 expands to

Fﬁﬂ'ﬂ'@(}zas increased), while Phi-4-mini gen-

crates X WUAT a0 TaT G, (has been observed

to have increased). These mismatches account for
4.3% (Llama) to 12.7% (Phi-4-mini) of few-shot
errors.

Ultimately, these low F1-scores are partly influ-
enced by the strict boundary-based evaluation pro-
tocol. While exact-match metrics penalize span ex-
pansion, qualitative analysis indicates that gener-
ative models often identify semantically relevant
event regions but fail to isolate minimal trigger
spans. This suggests that span boundary precision,



rather than semantic localization, remains the pri-
mary challenge for generative models in Nepali
trigger identification.

6 Conclusion

In this paper, we presented NepEE, a manually an-
notated Nepali EE dataset comprising 10,226 De-
vanagari sentences with span-level trigger anno-
tations and eight event categories. The dataset
establishes a comprehensive benchmark for trig-
ger identification and event type classification in
Nepali. Through systematic evaluation across
classical machine learning models, transformer-
based encoders, and instruction-tuned LLMs, we
provide strong baselines and highlight key lin-
guistic challenges including morphological varia-
tion, nominalized triggers, and predicate ambigu-
ity. High inter-annotator agreement further sup-
ports the reliability of the annotations. The pro-
posed dataset lays a critical foundation for struc-
tured IE in Nepali and aims to stimulate broader re-
search on inclusive and multilingual NLP systems.

7 Limitations

Despite its contributions, this work has several lim-
itations. The dataset is derived primarily from a
single data source, which may not reflect infor-
mal or conversational Nepali and may limit cross-
domain generalization. The annotation schema fo-
cuses solely on trigger spans and event-type labels
and does not include argument roles such as par-
ticipants, time, and location, which restricts full
event-structure modeling. While NepEE currently
focuses on these foundational steps, it serves as
the first milestone in a broader roadmap. Future
iterations of the corpus will extend the schema to
include full argument role labeling (e.g., agents,
locations, temporal markers) and event corefer-
ence, bringing Nepali NLU closer to comprehen-
sive, ACE-style event extraction pipelines.

Furthermore, event boundaries in Nepali can be
linguistically complex due to compounding, light
verb constructions, and context-dependent trigger
interpretation, which makes precise span identifi-
cation inherently challenging. While careful guide-
lines were followed, certain edge cases require se-
mantic judgment that may not always be uniformly
resolved.

Third, our evaluation of LLMs for trigger iden-
tification relies on strict exact-match token over-
lap metric, which inherently penalizes genera-
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tive models that produce semantically correct but
morphologically misaligned spans (e.g., includ-
ing auxiliary verbs). Future work should incor-
porate partial-match F1 metrics and explore ad-
vanced prompting strategies (such as Chain-of-
Thought reasoning, schema-constrained genera-
tion, or Parameter-Efficient Fine-Tuning) to better
harness generative capabilities for exact boundary
extraction.

In addition, the benchmarks presented in this
study are intended to establish competitive base-
lines rather than define upper performance lim-
its. Continued progress may be achieved through
larger-scale data collection, domain diversifica-
tion, and exploration of more specialized architec-
tures tailored to morphologically rich languages.

8 Ethical Considerations

The foundational sentences for this work originate
from Sanjaal Corps’ open-source Nepali collection
distributed under the Apache-2.0 license by San-
jaal Corps. As the source material is openly li-
censed for research use, explicit individual consent
was not required. Protecting the integrity of the
Sanjaal Corps source material was a priority during
our processing phase. The dataset does not intro-
duce additional personally identifiable information
beyond what is present in the original corpus.

For the annotation process, trained native Nepali
speakers were engaged and annotators received a
fair wage that matched current local pay scales for
linguistic work. Annotators were provided with de-
tailed guidelines and the workflow began with pi-
lot rounds aimed at tightening inter-annotator con-
sistency across complex categories. Given that
certain sentences involve topics such as conflict,
crime, or public health events, annotators were in-
formed in advance about the nature of the con-
tent. Participation was voluntary, and annotators
retained the right to withdraw from the task at any
stage. Supervisory support was available to ad-
dress concerns during the annotation process.

As with any curated corpus, the dataset may re-
flect biases present in the underlying source ma-
terial. While high inter-annotator agreement sup-
ports the internal consistency of the annotations,
it does not eliminate potential societal or distribu-
tional bias. Researchers are therefore encouraged
to exercise caution when deploying models trained
on this dataset in sensitive applications.

Finally, we encourage environmentally respon-



sible research practices. Efficient model training,
transparent reporting of computational resources,
and the use of carbon footprint estimation tools are
recommended to reduce the environmental impact
of large-scale experimentation.
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A Appendix
A.1 Prompts

Table Al presents the lexical distribution of ma-
jor event categories in the NepEE dataset, includ-
ing the most frequent trigger words and salient
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category-specific keywords ranked using c-TF-
IDF. Figure A1 illustrates the zero-shot and few-
shot prompting strategies employed for trigger
identification and event classification tasks.

A.2 Trigger word ambiguity analysis

Trigger words in event extraction often exhibit
varying degrees of semantic ambiguity, where the
same lexical item may be associated with multi-
ple event categories depending on contextual us-
age. To better characterize this challenge in the
NepEE dataset, we analyze the distribution of fre-
quently occurring trigger words across different
event types. Figure A2 presents a heatmap illustrat-
ing the association between selected Nepali trigger
words and event categories. The visualization re-
veals that while some triggers are strongly aligned
with a single category, others appear across mul-
tiple event types, indicating substantial contextual
overlap. For example, certain trigger words com-
monly associated with political or entertainment
events also occur in educational or economic con-
texts. Such ambiguity highlights the need for
context-aware modeling approaches that go be-
yond isolated trigger identification and incorporate
broader semantic and syntactic cues.

A.3 Error analysis

Tables A2 and A3 present the distribution of gener-
ative failure modes for zero-shot and few-shot trig-
ger identification, respectively. Across most mod-
els, the dominant source of error is In-Sentence
Mismatch, where the predicted trigger originates
from the input sentence but does not correspond to
the annotated gold trigger. This suggests that mod-
els are often capable of identifying event-relevant
lexical spans, yet struggle to precisely localize the
correct trigger expression.

Hallucination errors are particularly prominent
for Llama-3.1-8B and Phi-4-mini in the zero-shot
setting, indicating a tendency to generate unsup-
ported or fabricated trigger words. In contrast,
Qwen2.5-7B demonstrates comparatively lower
hallucination rates and achieves the highest exact-
match performance among the evaluated models.
Few-shot prompting generally reduces hallucina-
tion and under-extraction errors, especially for
Llama-3.1-8B, but also increases morphological
mismatch rates in several cases, suggesting that
demonstrations encourage semantically related but
morphologically inconsistent outputs.

Additionally, Phi-4-mini exhibits substantially
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higher over-extraction behavior across both set-
tings, frequently generating longer phrases or mul-
tiple tokens instead of concise trigger spans. Over-
all, the findings highlight that trigger identification
in Nepali remains challenging not only because
of semantic ambiguity, but also due to morpho-
logical variation and the generative tendencies of
LLMs. This behavior may also reflect inconsisten-
cies between semantically plausible trigger expres-
sions and the single annotated trigger span present
in the dataset. In several cases, models generate
alternative lexical forms that are contextually ap-
propriate but differ from the gold annotation due
to synonym usage or inflectional variation. These
findings suggest that future Nepali event extraction
systems may benefit from more flexible evaluation
schemes and annotation strategies.



Table Al: Lexical distribution and keyword salience across event categories. Trigger frequency (Freq) is shown in
parentheses; keywords are ranked by c-TF-IDF.

Event Top Triggers (Freq) Significant Keywords (Ranked by salience)

Disaster & Acc.  HT (death, 85), THEAT (accident, H (death), AT (accident), T (bus), TTET (flood), IfEr
71) (landslide), TEY (river)

Political FARA (discussion, 36), FOT (de-  FE=T (election), TET (party), TITIT (constitution),
cision, 29) fatfae (elected), T (vote), TCHRTT (government)

Economic ST (investment, 22), & (ex-  HIAT (share), AT (investment), §& (bank), FE (trans-
pense, 20) action), He 4 (price), ﬂ?ﬁﬁ:’r (payment), T (NEPSE)

Sports O (defeated, 48), T (goal, T (run), @A (game), [T (wicket), T (goal), W
27) (cricket), fasT (league)

Entertainment qrastiea (released, 77), TREAT  IANEAL (movie), T (song), THeT (film), ATeS (drama),
(screening, 21) HATE (award), S (music)

Health IIAN (treatment, 28), T (death, AT (disease), FATAT (cancer), NI (medicine), FETATA
27) (hospital), HRIHT (infection), T (vaccine)

Education fa= T (victorious, 14), GATAT qUET  (exam), W7 (admission), fa=rme ™ (school),
(operation, 11) faeafaaTe™ (university), f& (academic)

Prompt: As a domain expert and native Nepali annotator, extract the event trigger word(s) from the text. A trigger is the
specific word or phrase indicating that an event has occurred. Return only the trigger word(s).

(Prompt: As a domain expert and native Nepali annotator, classify the sentence into one of these categories: h

Political Event, Other Event, Economic Event, Sports Event, Entertainment Event, Health Event, Disaster and Accidents,
Education Event.
\Return only one category name. )

Prompt: As a domain expert and native Nepali annotator, extract the event trigger word(s) from the text. A trigger is the
specific word or phrase indicating that an event has occurred. Return only the Nepali trigger word(s).

P1 P2
Sentence: FISHTSIHT &¥eh BT | Sentence: TITET T {IVAS = ATIT HEEAAT 4T |
Trucks collided in Kathmandu. A trade agreement was made between Nepal and India.
Answer: ?:ﬁ'FTQ‘ (collided) Answer: FEHIAT W4T (4n agreement was made.)
\ =/
~

(Prompt: As a domain expert and native Nepali annotator, classify the sentence into one of these categories:
Political Event, Other Event, Economic Event, Sports Event, Entertainment Event, Health Event, Disaster and Accidents,
Education Event.

Return only one category name.

P1 P2
Sentence: A& TS FITTAT | Sentence: STITeT T WA AT FF=ATAT 44T |
The village was swept away by the flood. A trade agreement was made between Nepal and India.
Answer: Disaster and Accidents Answer: Economic Event
S =/

Figure Al: Zero-shot and few-shot prompts used for evaluation.

Table A2: Generative failure mode distribution for zero-shot trigger identification. Values represent the percentage
of total dataset predictions (/N = 10, 226) falling into each taxonomy category.

Model Exact Over- Under- Morphological In-Sentence  Hallucination Abstention
Match extract extract Mismatch Mismatch

Qwen2.5-7B 16.3% 0.5% 15.2% 2.0% 64.5% 1.3% 0.1%

Gemma-3-4B 12.2% 1.5% 9.1% 4.8% 61.5% 10.5% 0.5%

Llama-3.1-8B 2.8% 10.6% 3.6% 2.4% 46.3% 34.3% 0.0%

Phi-4-mini 3.8% 31.7% 1.7% 5.6% 21.1% 30.1% 6.1%
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Figure A2: Heatmap of trigger-word ambiguity across event types in the NepEE dataset. Due to font rendering
limitations during figure generation, some Nepali Unicode characters may appear slightly distorted in the visual-
ization.

Table A3: Generative failure mode distribution for few-shot trigger identification. Values represent the percentage
of total dataset predictions (N = 10, 226) falling into each taxonomy category.

Model Exact Over- Under- Morphological In-Sentence  Hallucination Abstention
Match extract extract Mismatch Mismatch

Qwen2.5-7B 14.5% 3.1% 10.1% 9.0% 61.1% 2.0% 0.1%

Gemma-3-4B 12.5% 4.4% 6.1% 11.8% 51.9% 13.3% 0.1%

Llama-3.1-8B 9.6% 4.4% 6.3% 4.3% 65.8% 9.6% 0.0%

Phi-4-mini 6.3% 30.4% 1.3% 12.7% 26.9% 19.5% 3.0%
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Abstract

We present a multi-agent reflective architec-
ture for event extraction based on generative
large language models (LLMs). Our architec-
ture is the first of its kind to perform Semi-
Open Event Extraction (SOEE), a hybrid
framework that combines a fixed set of event-
template fields with dynamically generated
attributes produced using self-reflection. A
further contribution of the system is its op-
erationalization of reflection as an internal
question-generation and answering process. It
is defined as the generation of questions about
missing or implicit event information and find-
ing their answers within the system itself. We
model event extraction as an iterative dialogue
between a reflective LLM-based agent, which
generates questions to uncover missing event
information and a set of expert agents, which
provide domain-aware answers to these ques-
tions. The expert agents also generate the initial
event template using a generative LLM. Across
all evaluation experiments on articles from the
health domain, MAREA demonstrates strong
core-field extraction and effective reflective
template expansion, with its three question-
generation strategies producing useful addi-
tional event attributes. The observed errors
were mainly due to imprecise prompt interpre-
tation or inaccurate interpretation of the source
article by the LLM, rather than to hallucination
or an intrinsic inability to retrieve the requested
information.

1 Introduction

LLM:s are increasingly adopted within the event ex-
traction community (Li et al., 2025), where recent
work demonstrates that prompting and generative
approaches can produce structured outputs in zero-
and few-shot settings, creating new prompt-driven
extraction paradigms. Moreover, the successful ap-
plication of LLM in NLP has motivated approaches
that move beyond single-pass prompting toward
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more iterative and collaborative forms of process-
ing.

The integration of LL.Ms into multi-agent sys-
tems (MAS) represents a further evolution in ad-
dressing complex NLP tasks, including event ex-
traction (Zhang et al., 2026), (Guo et al., 2026),
(Wang and Huang, 2024), question answering
(Zong et al., 2024), summarization (Kim and
Kim, 2025), (Celikyilmaz et al., 2018), fact check-
ing (Lin et al., 2025), and scientific text gen-
eration. Within these architectures, multiple
agents—each associated with specialized reasoning
roles—collaborate through the exchange of inter-
mediate representations, hypothesis generation and
evaluation, and other structured steps in the analyt-
ical process. Recent studies, such as (Wang and
Huang, 2024), suggest that such distributed rea-
soning mechanisms enable multi-agent systems to
achieve deeper and more robust analyses compared
to single-agent LLM models.

In our work, we also address self-reflection as
a specific type of collaborative reasoning inside a
MAS. During such reasoning, a system generates
questions about missing or implicit information (in
our case event-related) and answers them within
the MAS itself. This system aspect is related to a
growing body of work on formulating event extrac-
tion as question answering (Lu et al., 2025, 2023;
Hong and Liu, 2024).

In this paper, we propose a multi-agent architec-
ture specifically designed for Semi-Open Event
Extraction (SOEE).

In SOEE, a sub-set of event fields — such as
event type, date, and location, specified by the
system user — remains fixed in order to preserve
cross-domain comparability. The remaining fields
are defined dynamically at runtime, depending on
the content of the article, the nature and type of
the event, and other event-specific attributes that
may be important but are not covered by the pre-
defined schema. In our architecture, these flexible
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attributes are inferred through a reflective reasoning
process in which the LLM generates questions and
then answers them. This process is implemented
as an iterative dialogue: an initial event template is
first constructed and then progressively refined and
expanded through question generation and answer-
ing.

Our method is organized as a three-layer archi-
tecture: (1) an expert layer, which is responsible
for constructing the initial event representation and
answering the questions generated during reflec-
tion; (2) a reflective layer, which is responsible
for generating natural-language questions aimed at
identifying missing event information and expand-
ing or refining the current event template; (3) a
coordination layer, usually containing one manager
agent who coordinates the activities of the other
agents.

To demonstrate the feasibility of our proposed
method, we developed a prototype called MAREA
, Multi-Agent Reflective architecture for Event
Analysis.

The remainder of this paper is organized as fol-
lows. Section 2 introduces the concept of SOEE.
Section 3 reviews related research on multi-agent
reasoning, LLM-based, and open event extraction.
Section 4 presents the design of the MAREA sys-
tem, detailing the interactions between the coor-
dination, reflective, and expert layers. Section 5
describes the evaluation of MAREA on a dataset
of health-related news reports and discusses the
observed improvements in template completeness
and attribute discovery. Section 6 discusses the
limitations of our approach. Section 7 presents an
overview of the achieved results and future direc-
tions.

2 Semi-Open Event Extraction (SOEE)

A central challenge in event extraction is to bal-
ance the structural consistency of event templates
with the richness of the information they en-
code.Traditional closed-domain extraction systems
rely on ontologies and taxonomies, such as ACE
or ERE (Song et al., 2015) and event templates
with fixed structures such as the ones presented in
(Grishman et al., 2002). Such an approach ensures
consistency in the event template fields, but limits
generalization to unseen event types. In contrast,
open event extraction (OEE) approaches (Deng
et al., 2022) offer domain flexibility but may po-
tentially generate heterogeneous or inconsistent

representations. To address this trade-off, we intro-
duce the concept of SOEE, a hybrid form of event
extraction that combines a fixed core schema with
dynamically extensible attributes.

In SOEE, a sub-set of event fields — such as
event_type, date, location, and several others
— remains fixed to preserve cross-domain compa-
rability, while other fields are contextually defined
by the system at runtime. These flexible attributes
are inferred through a reflective reasoning process,
introduced in the previous section.

3 Related work

The research most closely related to our work falls
into two main research lines: (1) the application
of LLMs, agents, and multi-agent systems to event
extraction; and (2) approaches to Open Event Ex-
traction.

Recently, LLMs have proven to be effective tools
for event detection and extraction (Meng et al.,
2024; Tanev et al., 2025b; Wang et al., 2025). Be-
yond single-LLM approaches, recent work has ex-
plored multi-agent LLM architectures for event
extraction to improve extraction quality. These
include debate-based event template refinement
(Wang and Huang, 2024), multi-agent generation-
and-extraction for document-level event argument
extraction (Zhang et al., 2026), and programming-
style agent decomposition for zero-shot event ex-
traction (Guo et al., 2026). All the works men-
tioned so far, however, assume a fixed event tem-
plate. Our approach, on the other hand, is the first
to experiment with a semi-open event schema, us-
ing a multi-agent LLM architecture.

Another line of research relevant to our work
is Open Event Extraction (OEE), which does not
assume a fixed event template or pre-defined event
types. Instead, it typically extracts less structured
event information from text without targeting spe-
cific event classes. The extracted information is
often represented as tuples, such as (time, loca-
tion, keyword set), or pairs, such as an event name
and a date. OEE systems may also extract event
triggers aimed at broad classes of events (Tong
et al., 2020). Works such as (Deng et al., 2022)
and (Wang et al., 2019) show that OEE can provide
effective solutions for event annotation and extrac-
tion. In our implementation of SOEE, similarly
to OEE, we enrich the event template with new,
context-dependent event arguments, however our
approach relies on a predefined core schema, which
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increases its usefulness. Many event extraction re-
lated applications, like automatic event database
filling, assume the presence of standard arguments
and a fixed core event structure.

4 System Architecture

As already explained in the introduction, the
MAREA event extraction architecture is made up
of three layers: Expert, Reflection, and Coordina-
tion. The input of the event extraction process is a
news article, while the output is a set of event tem-
plates (Aone and Ramos-Santacruz, 2000), struc-
turally describing the events from the article.

* Expert Layer: This layer consists of two
types of agents responsible for constructing
the initial event representation and answering
the questions generated during reflection:

1. A Template-Proposing Agent generates
the initial event template. It formulates
the LLM prompts that specify the extrac-
tion task, define the initial template struc-
ture, and, when needed, provide few-shot
examples consisting of source texts and
their corresponding event annotations.

2. Answering Agent responds to the ques-
tions generated by the Reflective Layer.
It formulates prompts that guide the
LLM toward locating and extracting the
requested information from the source
text. This agent also manages the inter-
action with the LLM and, in some cases,
it may resolve specific sub-tasks without
relying on the LLM.

* Reflective Layer: This layer is responsible
for expanding the event template with contex-
tually relevant out-of-schema fields and fill
in their values. It is the core component that
enables the semi-open character of the archi-
tecture, allowing the system to move beyond
a fixed schema and introduce new, context-
dependent event attributes. In MAREA, this
layer contains two agents:

1. A generic question formulating agenh
uses thr,e different strategies, presented
in 4.1, to generate natural-language
questions aimed at identifying missing
event information and expanding or re-
fining the event template, created by the
template-proposing agent.
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2. A spatial reasoning agent, which identi-
fies the location names inside the input
article using spaCy (Vasiliev, 2020) and
then asks the LLM to identify the seman-
tic role of each location.

* Coordinating layer with a manager agent:
The manager agent in this layer coordinates
the activities of the other agents, controls the
execution flow of the extraction process, and
ensures effective interaction with the user or
with the software system in which the SOEE
module is embedded.

The basic sequence of text processing stages is
outlined below.

1. A news article is passed to the manager agent
which forwards it to the template-proposing
and to the reflective agents.

2. The template-proposing agent creates an ini-
tial set of event templates, one for each event
within the article, by prompting the LLM us-
ing few-shot learning settings:

The templates are created by prompting the
LLM to produce event templates with a struc-
ture defined in the prompt. Several input and
output examples are also provided in it. This
prompt has the following structure:

"You are an information extraction assis-
tant, specialized in health-related events,
such as [event_type_list]. Given the follow-
ing news article, extract all distinct health-
related events mentioned: [news_article].
Consider as an example this news arti-
cle as sample input [sample_news_article]!
Consider the following extracted event
templates as a sample output:  [sam-
ple_event_templates_in_JSON]".

3. After the initial templates are generated, they
are passed to the reflective agent layer:

(a) The question formulating agent gener-
ates a set of questions, e.g. "What
measures are being taken to prevent the
spread of COVID-197", aimed at finding
new event attributes and their values.

(b) The spatial reasoning agent discovers the
places mentioned inside the news article
and their semantic functions for each ex-

tracted event ("place of infection", "event

non

place”, "hospital location", "responding



authority location", etc.) Each seman-
tic role for a location constitutes a new
candidate field for the event template.

4. The answering agent forwards the questions
generated by the reflective agents to the LLM,
using prompts that instruct the model to pro-
vide concise and precise answers. Then, it
parses the LLM answer into a JSON structure.

In summary, MAREA first generates an initial
event template through few-shot learning, followed
by a reflection phase in which clarifying questions
are formulated to identify potential event attributes
beyond the predefined schema, thereby improving
template completeness.

4.1 Question formulation strategies

Our system uses three question formulation or re-
flective strategies, that are implemented in the ques-
tion formulation agent from the reflective layer:

1. Mapping event text to a predefined set of ques-
tions: We have trained a BERT model, given a
sentence to map it to a sub-set of 29 frequent
questions and corresponding fields from the
domain of health events. Example of such
a questions-field pair is ( "Where did the in-
fection occur?", "infection-place"). Due to
lack of space, we cannot give the details of
the BERT model training here. We used this
BERT model to map all the sentences from the
LLM-generated event summary to question-
field sets and then we group them into one
question set for each event.

Generic prompt-based question generation:
We created a few-shot prompt for asking the
LLM itself to suggest questions for expand-
ing the event template, see Table 4. In this
prompt, we give as parameters the article
text and the event. The prompt asks the
LLM to suggest questions which can discover
new information and new event fields. The
few-shot prompt itself was optimized using
the MIPROV2 prompt optimization algorithm
(Opsahl-Ong et al., 2024), implemented in the
DSPy prompt programming and optimization
framework. We used a small training set con-
taining 5 tuples having the structure (article;
event; relevant additional question set) to run
the MIPROV2 otimizer with the LLaMA-3.1-
70b-instruct model.
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3. Keyword-based question generation: In this
strategy, we first prompt the LLM to identify a
set of keywords and key phrases for the event.
Then, for each keyword or phrase, we prompt
the LLM using the question: “How does key-
word/phrase relate to the event?” The prompt
also asks the LLM to propose a new template
field name to accommodate the answer.

4.2 Application of MAREA to Health-Related
Event Extraction

Within the MAREA architecture, only the
template-proposing agent in the Expert layer is
specialized for the health domain. Its domain
knowledge comprises definitions of the core event
fields and a sample news article annotated with
two example events, used to support few-shot
prompting. All remaining agents—including the
question formulation and the spatial-reasoning
components—are intentionally designed to remain
domain-independent, enabling reuse across do-
mains without architectural modification.

4.2.1 Event Template

As we mentioned, we adopt a SOEE strategy, in
which a sub-set of the event template fields is fixed,
following established approaches in health-related
event extraction (Piskorski et al., 2023; Linge et al.,
2012). This design preserves structural consistency
while allowing the system to dynamically extend
the template in the reflective reasoning phase.

For our experiments, we define a set of health-
related event types grounded in prior research
(Tanev et al., 2025b; Piskorski et al., 2023):

Outbreak: Sudden rise in disease cases;
Product_recall: Withdrawal of unsafe medi-
cal or food products; Study: Research activ-
ities related to diseases, treatments, or vac-
cines; Drug_approval: Regulatory approval
of drugs or vaccines; Health_policy_change:
Changes to health-related laws or guidelines; Dis-
ease_statistics_update: Updated incidence or mor-
tality data; Biological_threat: Bioterrorism in-
cidents or emerging high-risk pathogens; Pan-
demic_response: Measures addressing large-scale
epidemics; Other_health: Miscellaneous health-
related events.

The fixed portion of the event template consists
of the core fields shown in Table 1.

These event types and fixed template fields are
explicitly provided to the LLM during prompting
and serve as a structural basis for the initial event



Field name

Description

event_type
actors

description
event_text

disease
biological_agent
symptoms
where_place
where_country
when_start
when_end

number_of_cases

number_of_deaths
main_reason

measures_taken

Category of the health-related event (e.g., outbreak, policy
change, biological threat).

People, organizations, or groups directly involved in or af-
fected by the event.

Concise natural-language summary of the event.

Longer textual description preserving the main details and
context of the event.

Name of the disease or health condition associated with the
event, if applicable.

Pathogen or biological agent responsible for the disease (e.g.,
virus, bacterium).

Reported symptoms associated with the disease or health
event.

Specific place or locality where the event occurred or was
reported.

Country in which the event took place.

Date or time period marking the beginning of the event.
Date or time period marking the end of the event, if specified.
Reported number of confirmed or suspected cases associated
with the event.

Reported number of fatalities related to the event.

Primary cause, trigger, or motivating factor underlying the
event.

Actions, interventions, or policies implemented in response

to the event.

Table 1: Core fields of the semi-open health event template and their semantics.

template generation.

S Experiments and Evaluation

To evaluate the proposed approach, we compiled
a corpus of health-related news articles from three
sources: The first sub-setconsists of 300 articles
collected from the Europe Media Monitor (Stein-
berger et al., 2013) over several months in 2020.
The second sub-setincludes approximately 120 ar-
ticles gathered from the Fox News Health RSS
feed ! over several weeks in September 2025. The
third source is a random sample of 60 articles from
March 2026, retrieved from the Medical Express
RSS (section Infection Diseases) 2. All articles
were processed using MAREA , backed by the
LLaMA 3.1-70B-Instruct large language model.

For the final evaluation, we selected 65 articles
in random from the 451 articles corpus. MAREA
extracted 70 events from these 65 articles.

"https://moxie.foxnews.com/google-publisher/
health.xml

2https://medicalxpress.com/rss—feed/breaking/
infectious-diseases-news
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One expert evaluator has manually inspected the
output of the MAREA system. The annotator has
labeled all extracted field values as correct or not
and additionally has indicated the missing values
from each extracted event template. Additionally,
the evaluator has searched for events which were
mentioned but not extracted by the system.

5.1 Event detection

The evaluation showed that event detection
achieved 100% precision and recall on the
65-article test set. All 70 events extracted
byMAREAwere judged to be relevant, and the ex-
pert annotator did not identify any additional events
that were missed by the system. Event identity was
determined by considering the event summary gen-
erated by the LLM, encoded in the ‘description’
field, together with the other event attributes. Un-
der this matching criterion, all system-generated
events corresponded to manually identified events,
yielding perfect event-level detection performance
on this dataset.


https://moxie.foxnews.com/google-publisher/health.xml
https://moxie.foxnews.com/google-publisher/health.xml
https://medicalxpress.com/rss-feed/breaking/infectious-diseases-news
https://medicalxpress.com/rss-feed/breaking/infectious-diseases-news

5.2 Core fields extraction

Table 5 shows the precision, recall and F1 score
for the accuracy of the core fields extraction, that
is the fields predefined by the health event schema,
defined in Table 1.

Performance (F1) is very high (over 0.85) for
important event fields such as event type, actors,
disease, where-country, and measures taken. The
dataset did not contain enough data for evaluating
the number of deaths field, since most of the articles
were about clinical studies and disease statistics up-
date, reporting only number of new cases. Fatalities
were reported in only one of the 65 articles from
the test set. Another significant field, number of
cases was evaluated excluding the events of type
STUDY for which the number of cases was not rel-
evant. Instead, articles about these events typically
report annual disease rates for the studied diseases,
which in this case is ambiguous. Therefore, in or-
der to ensure clarity in the evaluation process and to
avoid ambiguity, we excluded the events classified
as STUDY from our evaluation.

Notably, event type obtained a very high ac-
curacy of 90%, demonstrating that our approach
our approach achieves very strong performance in
event classification.

Performance is lower, but remains satisfactory,
for key spatial and temporal attributes: where-
country and the event starting date in the where-
start field. The where-place field for which
theMAREAsystem has a relatively low perfor-
mance, was intended to store the populated place
name. Although the LLaMA model was instructed
to do so, it has extracted instead locations such
as names of universities and in some cases even
countries. Even if these values can formally be
considered to be partially correct, their level of
granularity was different from the required one.
Consequently, we measured low levels of precision
and recall for this field. Another problematic field
was found to be when end field, containing the end
date of the event. The recall of extracting this at-
tribute was notably low, as well as the precision.
We have inspected the errors and found that this
information is not always obviously stated and may
even require temporal inference.

Altogether, the errors in our core fields extraction
stem from incorrect interpretation of the prompt
by the LLaMA model. For example, the where
place mistakes are places which are correct as event
locations, but do not correspond to the required
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geographic granularity. Similarly, the biological
agent field often captured organisms, which were
not disease vectors, as required by the prompt.

Taken together, these results indicate that
MAREA, when powered by LLaMA-3.1-70B-
Instruct, holds considerable promise for event ex-
traction from real-world news data. Although the
system shows lower performance on some core
event attributes, largely due to incorrect prompt
interpretation, our analysis suggests that improve-
ments in post-processing and prompt design could
substantially enhance overall extraction perfor-
mance. It is also noteworthy that the event attribute
extraction accuracy is comparable to that reported
in previous work on a dataset from the same genre,
namely medical news (Tanev et al., 2025a). Al-
though the test corpora differ, our achieved accu-
racy is considerably higher than the baseline per-
formance reported in that study. Thus, our work
further supports the conclusion of the aforemen-
tioned study that LLMs can reliably perform event
extraction and classification.

5.3 Additional fields added to the template

In order to assess the reflective capacity of our ar-
chitecture and the question- and field-formulating
strategies, described in section 4.1, we have ran-
domly selected 31 event templates from 31 differ-
ent articles from the test set. For these templates the
reflective agent layer (both the question formulat-
ing and the spatial reasoning agents) has generated
147 additional event fields in total.

We have classified these new fields and their
values into 4 relevance categories: (a) Irrelevant:
Irrelevant information or incorrect field names or
values; (b) Low relevance: formally correct field
name and value; information is new, but it is not
strongly connected to the event; (c¢) Medium rele-
vance: relevant field name and a correct value; the
field-value pair brings new information, but field
name could be improved; (d) High relevance: rel-
evant field name and a correct value, bringing new
information, relevant to the event; (e) Duplicate:
the field and value are correct, but they duplicate
information already present in the template. Ta-
ble 3 represents the distribution of the 147 event
attribute-value pairs across these relevance cate-
gories. It is important also to note that the values
of the fields are correct except few, classified as
Irrelevant. Considering this, the evaluation of the
attribute (field name) - value pairs is driven by the
field name relevance.



It is noteworthy that 56% of the new generated
fields have high or medium relevance (the last two
rows in the Table 3). Highly relevant fields are
completely correct as name and value, highly rel-
evant to the event, and contain new information
w.r.t. the other part of the template. These fields
are 36% of all additionally-generated event fields.
They are complemented by the medium-relevance
ones, which are still correct and introduce relevant
and innovative information, although their names
could be improved.

If we exclude the 24% duplicates from the eval-
uation, the percentage of the medium and high rel-
evance template fields becomes 77 %. Some inter-
esting template-expanding questions and suggested
new fields, generated by the question formulation
agent are presented in Table 4.

5.4 Evaluation of the BERT
question-generation module

The BERT-based question-proposing module sug-
gests template-expansion questions in parallel
with the prompt and keyword -based question-
generation strategies. The module relies on a BERT
model that maps each sentence to a set of 29 prede-
fined questions, as described in Section 4.1.

We evaluated partially the accuracy of the BERT
question-proposing module as follows: A proposed
question and field was considered correct, if its an-
swer (field value) could be found in the correspond-
ing article; otherwise, it was considered incorrect.
For this evaluation, we selected 68 articles from our
corpus of 451 news articles. These articles were
not used in the other evaluation experiments and all
concerned infectious-disease outbreaks. This topic
was chosen because outbreak-related articles typi-
cally contain information relevant to many of the
29 predefined questions used by the BERT module.

We ran theMAREAsystem on this dataset, ex-
tracting 68 events, one from each article, and
recorded the questions suggested by the BERT
module. Then, for each event-article pair, we man-
ually identified which of the 29 predefined ques-
tions are answerable from the article text. Finally,
we measured the overlap between the correctly sug-
gested questions and the manually identified an-
swerable questions. This allowed us to compute
precision, recall, and F1-score for each event, as
well as the overall micro-averaged precision, recall,
and F1-score.

Table 2 summarizes the results. The precision,
namely the proportion of answerable questions
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among all questions generated by BERT, is above
0.70. However, recall, which measures how well
the module covers all relevant answerable ques-
tions, is considerably lower, at approximately 0.43.

The fact that more than half of the relevant ques-
tions are missed is compensated for by the other
question-generation strategies. At the same time,
the macro precision of 0.75 suggests that, when
the module does propose a question, it is often rel-
evant and answerable, providing evidence for the
usefulness of this question-proposing strategy as a
complementary component.

5.5 Missing information

Since the recall is not addressed in our evaluation,
due to lack of annotated data, we have asked one
evaluator to estimate how many facts are missing
from each template from a sub-set of randomly
selected 20 templates. The evaluator considered
the information inside each template and the corre-
sponding article. He counted the number of miss-
ing facts from each template, where each fact could
be positioned in one event field. Out of 20 event
templates, the evaluator has found 8 missing facts,
which shows that on average our current imple-
mentation of MAREA in the health domain has
a probability of missing a fact of 0.4. In our test
settings, this number can be plausibly interpreted
as "in 40% of the cases our system may miss one
important fact". This means, however, that most of
the information is successfully captured in the out-
put template, since the generated event templates
in this test set have approximately 13 fields on av-
erage.

5.6 Evaluation overview

OveralLMAREAdemonstrates strong core-field ex-
traction and useful semi-open template expansion
through reflective question generation, while the
main remaining challenges concern prompt inter-
pretation, field-name normalization, and incom-
plete question coverage.

6 Limitations

This study has several limitations. First, al-
thoughMAREAperforms well on many core event
fields, some errors result from prompt misinter-
pretation by the underlying LLM, especially for
fields requiring fine-grained spatial and temporal
interpretation. Second, the dynamically generated
fields are not always equally informative: some



Averaging TP FP FN Precision Recall

F1

Macro
Micro

283

110 363

0.7468 0.4364 0.4713
0.7201 0.4381 0.5448

Table 2: Evaluation results for BERT suggested questions

Macro scores are computed as averages over records. Undefined per-record F1 scores were treated as 0. Micro scores are
computed from pooled TP, FP, and FN across all records.

are duplicate, low-relevance, or require better field
name. Finally, some evaluations were conducted
on small manually inspected samples, and all eval-
uation experiments were carried out by a single
annotator, which introduces a subjective bias and
prevents us from estimating inter-annotator agree-
ment. Broader testing across domains, event types,
LLM models, and multiple annotators is therefore
needed.

7 Conclusions

In this paper, we introduced MAREA , a reflec-
tive multi-agent architecture designed to perform
SOEE. The proposed system models event ex-
traction as a combination of an LLM-based few-
shot learning template generation and an inter-
nal question—answer process in which specialized
agents collaborate to enrich event representations.
By combining these two approaches, MAREA is
an attempt to address the trade-off between struc-
tural consistency and informational completeness
in event extraction.

The experimental results in the health domain
show that MAREA achieves consistently good per-
formance across a wide range of core event fields,
including event type, actors, disease information,
countries, and public health measures. At the same
time, the reflective agent successfully identifies and
populates additional fields that provide complemen-
tary semantic context. The majority of the newly
introduced fields are relevant and significant for the
event template completeness. The probability to
miss a fact for this approach was found to be 0.4,
still this experiment was done on a very small scale.
This number, however means that this approach
tends to capture the larger part of the information
in the generated event templates.

Future work will focus on three main directions.
First, we plan to improve both the prompting strat-
egy and the post-processing of generated templates.
We will further optimize the prompts used by the
template-proposing and answering agents, possibly
using automatic prompt optimization methods such
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as MIPROv2. This may reduce errors caused by
prompt misinterpretation. We also plan to intro-
duce post-processing procedures for normalizing
and filtering generated templates. These may in-
clude merging information from semantically sim-
ilar fields, removing duplicate or low-informative
attributes, and applying NLP-based filters to en-
force field-specific constraints. For example, for
the ‘where-place® field, named-entity recognition
could be used to retain only entities identified as
locations.

Second, we plan to conduct more extensive eval-
uations of the SOEE approach. This includes test-
ing on benchmark data, when available for health-
related news, providing second annotator evalua-
tions, and experimenting with different LLM back-
ends, such as various GPT models, open-weight
models, and smaller locally installable LLMs. We
also plan to carry out qualitative analyses of the
system’s behavior, including checking whether sim-
ilar events across different articles, or different runs
on the same article, lead to consistent outputs. In
addition, we will investigate the causes of errors,
such as prompt misinterpretation, inaccurate text in-
terpretation, or possible LLLM hallucinations, with
particular attention to the reflective layer.

Third, we plan to exploit the most accurately ex-
tracted fields for the creation of synthetic or silver-
standard event annotations. Fields such as ‘event
type‘, ‘description‘, ‘actors‘, ‘where-country‘, ‘dis-
ease’, ‘measures taken‘, and others which achieved
high extraction accuracy in our evaluation, could
be used as reliable anchors for automatically con-
structing larger weakly supervised corpora. Such
silver-standard datasets could support further train-
ing, prompt optimization, and evaluation of event
extraction systems in domains where manually an-
notated data are scarce.

Finally, producing new versions of MAREA for
domains like security or disaster relief is an exciting
research direction.



Field correctness and informativeness Relative quantity

Irrelevant 0.05
Low 0.12
Medium 0.20
High 0.36
Duplicate 0.24

Table 3: Relevance of the fields added by reflection layer

Question Suggested Field

What are the factors that could contribute to outbreak resurgence? resurgence_factors
What is the expected timeline for implementing the new economic implementation_timeline
stimulus efforts?

‘What is the trend of new cases? case_trend

What is the current severity of the outbreak? outbreak_severity
Where did Robert O’Brien contract the viral infection? infection_location
Who is criticizing the government’s handling of the pandemic? criticism_source
What journal published the findings of the study? publication_venue
How does "flu Vaccine" relates to the event? vaccine_type

What is the purpose of the early testing of the new vaccine candidate? vaccine_purpose

Table 4: Questions and suggested template fields by reflection agent.

Field Precision Recall F1-score
event_type 0.901 0.901 0.901
description 0.933 0.933 0.933
event_text 0.796 0.796 0.796
disease 0.922 0.870 0.895
biological-agent 0.600 0.600 0.600
symptoms 0.789 0.714 0.750
main-reason 0.864 0.704 0.776
actors 0.931 0.931 0.931
where-place 0.538 0.583 0.560
where-country 1.000 0.972 0.986
when-start 0.833 0.714 0.769
when-end 0.500 0.429 0.462
number_of_cases* 0.714 0.714 0.714
measures taken 0.960 0.923 0.941

Table 5: Core fields extraction accuracy.
*Computed after excluding STUDY events, for which number_of_cases is not applicable.
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Abstract

Quantitative research in international relations
relies heavily on structured event data, yet ex-
isting automated datasets lack up-to-date cov-
erage of both conflictual and cooperative inter-
actions. We introduce GENOME (Geopolitical
Event News Observatory, Mapping, and Extrac-
tion), an automatically extracted dataset that
implements PLOVER’s 16 event types and ex-
tends its Actor—Recipient schema with a Third
Party role to capture multilateral relations from
newswire data. GENOME'’s pipeline comprises
event extraction, ontology-based classification,
entity normalization, and deduplication, lever-
aging GPT models with one-shot prompting
and enforced structured outputs. We compare
GENOME against POLECAT dataset over a
five-month overlap period across event volume,
temporal dynamics, and geographical cover-
age. Results show that while the two datasets
align closely on conflict event types, GENOME
captures a more balanced distribution of coop-
erative events, particularly verbal interactions
nearly absent in POLECAT. GENOME also
demonstrates improved temporal precision by
attributing events to their inferred date of occur-
rence rather than publication date, and effective
deduplication of highly covered events.

1 Introduction

Collecting, coding and analysing geopolitical
events has been a pivotal challenge for quantita-
tive studies in International Relations since the
1960s (McClelland, 1961; Yonamine, 2016). Sev-
eral datasets have been compiled over the follow-
ing decades, where the main trade-off has been the
balance between cost and reliability of manually
annotated datasets or the size and rapidity of auto-
mated solutions. Most widely diffused manually
coded ones are either historic and no longer main-
tained, exclusively conflict-focused or limited to
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specific domains, regions or diplomatic processes
(Raleigh et al., 2023; Olsen et al., 2024).

On the other hand, automatically extracted
datasets are based on event ontologies, rulebooks
that provide a schema for representing events in a
structured, machine-readable way. Numerous on-
tologies have been developed since the late 1970s
(McClelland, 1978; Azar, 1980; Bond et al., 1994,
King and Lowe, 2003b), giving rise to a range of au-
tomatically coded datasets (King and Lowe, 2003a;
O’Brien, 2010; Jenkins et al., 2012; Leetaru and
Schrodt, 2013; Salam et al., 2020). Most notably,
CAMEDO (Gerner et al., 2002) served as the foun-
dation for ICEWS, GDELT, and Phoenix, and was
succeeded by the PLOVER ontology, redesigned
for greater simplicity, flexibility, and compatibil-
ity with machine learning approaches (Open Event
Data Alliance, 2024). In 2023, POLECAT was in-
troduced as an automatically coded dataset with
global coverage of both conflict and cooperation
political events (Halterman et al., 2023a), based
on PLOVER, using the NGEC coder which em-
ploys transformer-based models to extract events
from multilingual news sources (Halterman et al.,
2023b). Around August 2024, POLECAT has
stopped receiving updates, leaving a gap for up-to-
date automatically extracted events covering both
conflictual and cooperative interactions. Another
relevant issue is that these ontologies lack pub-
licly available gold datasets to test Event Extraction
(EE) tasks on them, forcing scholars to adapt their
methods to other event structures where such gold
standards exist, such as ACEQ5 (Halterman et al.,
2023b; Gao et al., 2023; Brandt and Sianan, 2025).

In recent years, Large Language Models (LLMs)
have captured significant attention for socio-
political EE, though zero-shot approaches often
fall short for rigorous codebook-based measure-
ment (Cai and O’Connor, 2023; Chen et al., 2024,
Halterman and Keith, 2025). Earlier work on zero-
shot ranking for socio-political texts found that re-
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trieval quality degrades as the target label becomes
more general, and that declarative label formula-
tions outperform dictionary definitions (Akdemir
and Hiirriyetoglu, 2022). Key challenges include
hallucination, output inconsistency, deviation from
ontology schemas, and degraded performance on
non-Western sources and low-resource languages
(Thapa et al., 2025), as well as mismatches between
the nuanced, evolving nature of real-world events
and the rigid dyadic structures of current ontologies
(Brandt and Sianan, 2025). Existing LLM-based
EE pipelines and datasets have all been either con-
flict or region-focused, like the horn of Africa (Bai
et al., 2025; Meher and Brandt, 2025; Semnani
et al., 2025). However, tracking low-intensity, co-
operative, and verbal interactions is valuable for
early-warning and conflict prediction, as escala-
tion is best understood as a sequential process in
which preceding lower-intensity interactions carry
meaningful predictive signal (Halkia et al., 2020;
Beardsley et al., 2024).

Given the current gap left by POLECAT in auto-
matically extracted geopolitical events from news
data that tackle both conflictual and cooperative,
verbal and material inter-state interactions, we in-
troduce GENOME (Geopolitical Event News Ob-
servatory, Mapping, and Extraction). The name
reflects the dataset’s ambition: just as genomics
maps the fundamental building blocks of biologi-
cal life, GENOME aims to map the building blocks
of geopolitical interaction through underlying pat-
terns of conflict and cooperation between states.
GENOME implements PLOVER’s 16 event types
and extends its Actor-Recipient schema to capture
multilateral relations from newswire data that more
closely mirror real-world geopolitical interactions.
It incorporates up-to-date newswire articles and a
two-phase extraction-classification pipeline lever-
aging GPT models, along with a series of entity
normalization and deduplication techniques.

While GENOME, like most other ontology-
based datasets, lacks a manually annotated gold
standard, we evaluate it by comparing a 5-month
overlapping sample of approximately 28,000
events against POLECAT: even with different input
sources, both datasets show similar behaviour in
conflict events and temporal dynamics, while dif-
fering significantly in how they track cooperation,
especially verbal. We also show that GENOME
better aligns events with their actual occurrence
dates (rather than news publication dates), accu-
rately resolves international entities such as the
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IMF and NATO, and reduces redundancy among
heavily reported events. The dataset and analysis
scripts are publicly released.! The remainder of
this paper describes GENOME’s design and ontol-
ogy changes (Section 2), details our methodology
(Section 3), presents our experimental setup and
results (Sections 4-5), and discusses findings and
limitations (Section 6).

2  Concept and Design

2.1 Sources

GENOME receives as input a corpus of English-
language newswire articles collected from a com-
mercial source, primarily covering international af-
fairs and including a publication date. The corpus
currently spans from January 2024 to January 2026
and contains approximately 148,000 articles from
around 2,400 unique sources, of which roughly
30,000 articles fall within the February—June 2024
period used for comparison (Sections 4-5).

2.2 Ontology Changes

GENOME events are based on a simplified and
slightly modified version of the PLOVER ontol-
ogy. They are simplified because the system only
focuses on the “what” of the “What-How—Why”’
logic from PLOVER. It does this by classifying
events by their Event Type, using the same 16
types grouped into four categories based on their
Conflict/Cooperation and Material/Verbal nature.
Moreover, it follows the same temporal and reality
logic (focusing on things that have already hap-
pened and are not just being discussed), explicit
Actor logic (where Actors must be explicitly named
while the Recipient role is optional), and compound
logic (where events that involve multiple Actors
for a single role generate a single entry).

They are modified because we extend PLOVER’s
Actor—Recipient framework by introducing the
overarching concept of an Agent, defined as an
individual, organization, country, or social group
that is capable of taking action (speaking, moving,
fighting) or having a political action directed at
them. Within this framework, we identify three
Agent roles:

* Actor: The Agent that initiates or performs
the action described in the event.

1https://github.com/HCSS—Data—Lab/
Submission-GENOME
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Figure 1: Simplified overview of the event extraction, classification, and normalization modules of the GENOME

pipeline.

* Recipient: The Agent that is the direct target
of the action. This role is optional, as not all
events have a clearly defined recipient.

Third Party: An Agent that provides con-
textual information relevant to the event but
is neither the initiator (Actor) nor the target
(Recipient). For example, in “A accused B of
arming C,” A is the Actor and B is the Recip-
ient, while C is a Third Party. The implied
action “B arming C” is not treated as a sepa-
rate event, as it violates the reality logic.

We introduce the Third Party role for two reasons.
First, in pilot experiments, we observed that LLMs
tend to assign a role to every identified Agent, so
it is useful to provide a designated category for
context-bearing entities. Second, similar to how
POLECAT further classifies Actors and Recipi-
ents, Third Parties can also be categorized based
on their role (e.g., “facilitator” or “reporter””) and
nature (e.g., “government” or “military”). This
creates a pathway from dyadic actor—recipient rep-
resentations to richer multi-entity event structures
(e.g., hypergraph-style representations) that more
explicitly preserve temporal and relational structure
(Ahrabian et al., 2025).

3 Methodology
3.1 Pipeline and Model Choice

Our pipeline consists of four modules executed se-
quentially: (1) extracting event summaries from
articles’ raw text and inferring the event date;
(2) classifying events by applying our version of
the PLOVER ontology; (3) normalizing ambiguous
names and resolving entities; and (4) deduplicating
multiple occurrences of the same event. Figure 1
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visualizes a simplified version of the first three
modules. For both the extraction and classification
phases, our strategy relies on one-shot prompting
combined with enforced structured outputs using
Pydantic models. During our testing, OpenAl mod-
els proved to be the most robust choice, offering the
best balance across performance, cost, and native
support for both structured output and fine-tuning
capabilities.

3.2 Event Extraction

The extraction task is primarily a summarization
task, which does not require the advanced reason-
ing capabilities of frontier LLMs. We deliberately
separate event extraction from classification to re-
duce the complexity of individual tasks, allowing
us to utilize more cost-effective, lower-parameter
models. Moreover, distilling the raw text into a
structured, concise event summary standardizes the
input for the classification task, significantly reduc-
ing input size and variability (You et al., 2025).

To reduce input tokens and isolate the core news
lead, article texts are truncated at the sentence
boundary nearest the 200-word mark. This ap-
proach is highly effective, but requires the input
text to follow the standard newswire format, where
the main news is placed at the beginning of the
article. gpt-4o0-mini was chosen as the most cost-
effective option for this kind of task.

We inject the article’s date in long british format
and pre-cleaned text as a prompt to extract event
objects. Each object comprises three components.
First, an inferred event date (e.g., deriving “14th
January 2024” from an article dated “Monday, 15th
January 2024” that reports an event “on Sunday”);
second, an event description containing all funda-



mental and contextual elements—a structure that
mimics the concise event summaries of the ACLED
dataset (Raleigh et al., 2023); and third, a source
quote representing the verbatim text used to con-
struct the object. The prompt explicitly requests
each event description to be fully self-contained
and understandable without reference to external
information, to articulate the core action of the
event in a concise form, and to complement it with
the main relevant contextual information. Lastly,
the model is tasked to extract the core event of the
article, and to only report multiple events if a sin-
gle “core” event cannot be unequivocally identified.
This ensures that extracted events are the actual sub-
ject of the newswire article, rather than contextual
or historical events mentioned in passing.

3.3 Event Classification

Event objects are expanded by a second LLM call,
which classifies them based on our extension of
the PLOVER ontology described in Section 2.2.
This task, particularly correctly identifying the core
event action and assigning each involved party to
its Agent role, is more cognitively complex. How-
ever, this complexity is reduced by the concise and
consistently structured summaries produced in the
previous step, which yield a highly consistent for-
mat for both input and output.

To reduce cost, we leverage this repetitiveness
by fine-tuning gpt-4.1-nano on 775 event de-
scriptions classified with gpt-5.1, with an 80/20
train/test split, using OpenAl’s supervised fine-
tuning tool. The process yielded a training loss
of 0.114 and a validation loss of 0.122, demon-
strating successful model convergence and strong
generalization to unseen data with minimal overfit-
ting.

The classification prompt includes the definition
of Agent and of Agent roles as they are defined in
Section 2.2, along with examples to distinguish rec-
ognized entities that are agents (Actor, Recipient,
Third Party) from those that are not (e.g., locations
such as “the Middle East”, or concepts such as “Cli-
mate Change”). To facilitate reasoning on roles, we
ask the model to report the main action as “A verb
B”, where A and B are the Actor or Recipient and
the verb is the event type from the PLOVER ontol-
ogy (Figure 1). Finally, the model maps all entities
to their corresponding country, which serves as the
basis for the normalization step.
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3.4 Entity Normalization

Entity normalization proceeds in two stages. First,
extracted names of countries and international bod-
ies are matched via fuzzy search against a man-
ually curated reference list of 248 countries and
40 organizations, along with a series of synonyms.
Unmatched entries are resolved manually. This
process successfully resolved all inferred country
names, reducing the count of unique countries and
international organizations by 81.7%.

Second, agent names are grouped by their nor-
malized country or organization. These names are
converted into vector embeddings using a Sentence-
Transformer model and clustered based on seman-
tic similarity using FAISS. The most frequent entry
in each cluster is selected as the canonical normal-
ized name. Consequently, the volume of unique
agent names decreased by 35.4% to 32,624 entries.

3.5 Deduplication

To consolidate duplicates extracted from multi-
ple sources, we implement a multi-criteria dedu-
plication pipeline. Candidate duplicate events
are first filtered by temporal proximity within
a 2-day window, then scored using a weighted
composite of four similarity components: seman-
tic similarity of event summary embeddings us-
ing all1-MinilLM-L6-v2 (0.45), actor and recipient
name overlap via Jaccard similarity (0.25), event
type match (0.20), and location overlap (0.10).
Pairs exceeding a composite threshold of 0.80 are
linked as duplicates. Duplicate clusters are re-
solved via connected components on the resulting
similarity graph, merging all contributing article
identifiers.

3.6 Operational Cost

Across the full two-year corpus (roughly 6,000
newswire articles ingested per month), total Ope-
nAI API spend was approximately $55, comprising
$19 for extraction with gpt-40-mini, $33 for clas-
sification with the fine-tuned gpt-4.1-nano, and a
one-off $4 fine-tuning job, all using the batch API
at a 50% discount on standard rates. This corre-
sponds to about $2.30 per month, or on the order of
$0.0004 per processed article. Because fine-tuning
is performed once on a silver-standard sample, its
cost is amortized over all subsequent extractions
and does not scale with corpus size.



4 Experimental Setup

Evaluating GENOME presents inherent challenges
common to automated event extraction: no manu-
ally annotated gold standard exists for the PLOVER
ontology, and direct record-level alignment with
POLECAT is infeasible due to differences in input
data and GENOME’s extended Actor—Recipient
schema introduced in Section 2.2. Consequently,
the next best alternative and the most robust eval-
uation feasible under these constraints is to as-
sess how similarly GENOME behaves with respect
to POLECAT and known real-world geopolitical
events. We therefore adopt a systematic indirect
comparison against POLECAT of multiple versions
of the GENOME dataset and a cross-comparison
between those versions, complemented by a case
study to validate the datasets against known occur-
rences.

4.1 Dataset Variants

We evaluate our pipeline against the publicly ac-
cessible version of POLECAT (Scarborough et al.,
2023). All quantitative comparisons are restricted
to the five-month overlap period between the
datasets (February to June 2024). We compare
POLECAT against three GENOME configurations:

* GENOME (article_date): The output of our
pipeline after the normalization step (Sec-
tion 3.4), timestamping events using the pub-
lication date of the source news article.

GENOME (event_date): The same table as
GENOME (article_date), but incorporating
the event date extracted by the model during
the extraction phase (Section 3.2).

GENOME (dedup): The output of the
pipeline after the deduplication step (Sec-
tion 3.5), timestamping events with the
same extracted event date as GENOME
(event_date).

While POLECAT includes an analogous extracted
event date, we present evidence in Sections 5
and 6 suggesting that its dates more closely reflect
publication timing rather than actual occurrences.
Lastly, in subsequent sections, when the specific
date choice is irrelevant to an evaluation metric,
we refer to the non-deduplicated versions collec-
tively as GENOME, and the deduplicated version
as GENOME (dedup).

87

4.2 Approach and Metrics

We structure our evaluation around four comple-
mentary objectives. First, we assess event vol-
ume and balance, comparing the total number of
events recorded by each dataset and their distri-
bution across the four PLOVER quad categories
(verbal/material x conflict/cooperation) and across
PLOVER’s 16 individual event types. This reveals
whether the two systems, despite different input
sources, agree on how geopolitical activity is cate-
gorized under a shared ontology.

Second, we examine temporal dynamics. Using
daily event counts, we compute summary statistics
including means, standard deviations, and the coef-
ficient of variation (CV) to quantify volatility. We
compare weekday and weekend means through a
weekend/weekday ratio (W/D) to assess sensitiv-
ity to media publication cycles. We also analyse
the distribution of the lag between article publica-
tion date and inferred event date, and we measure
the Pearson correlation between daily event vol-
ume and deduplication rate (defined as the propor-
tion of events removed on a given day) to assess
whether deduplication preferentially targets high-
volume days. To formally quantify cross-dataset
agreement, we compute Pearson correlations be-
tween POLECAT and each GENOME variant on
daily event counts, both overall and stratified by
PLOVER quad category.

Third, we evaluate geographical coverage and
entity structure. We compare the sets of unique
country dyads across datasets. For both POLE-
CAT and GENOME, we treat a country dyad as
the set of events in which both countries appear
among the Actor or Recipient Agent roles. We
examine the overlap and composition of shared
and exclusive dyads, particularly in terms of event
types and international organization resolution. At
the country level, we quantify the volume gap and
identify where surpluses concentrate. We also re-
port the average number of actors, recipients, and
third-party countries per event to explore structural
differences.

Fourth, we conduct dyad-level case studies
against known real-world occurrences. The pri-
mary case study examines Israeli—Iranian dyadic
interactions between March 25 and April 25, 2024.
This period contains three major, heavily covered
events: the Israeli airstrike on the Iranian embassy
complex in Damascus (April 1), the Iranian retal-
iatory strikes on Israel (April 13), and the Israeli



attack on Iranian military sites (April 19). With
the same criteria we isolate the 14 dyads with at
least 100 events in both POLECAT and GENOME,
for which we compute the same daily-count cor-
relation by quad category. The first case study
serves as a qualitative check on temporal precision
and deduplication effects against known real-world
occurrences, while the 14-dyad correlation sweep
tests whether aggregate agreement persists once
geographic mix is controlled for.

5 Results

5.1 Event Volume and Balance

Volume: Figure 2 presents the distribution of
event types across datasets. POLECAT records
substantially higher event volume than GENOME
(157,328 vs. 28,530 events), with a ratio of ap-
proximately 5.5:1, despite drawing from far fewer
sources (242 vs. 1,036). GENOME (dedup) re-
duces the number of events to 16,795 (60% of the
GENOME initial volume), bringing the ratio with
POLECAT above 9:1 (full counts in Table 4 in the
Appendix).

Macro proportions: POLECAT is markedly
more conflict-heavy (77.7% conflict vs. 22.3% co-
operation), whereas GENOME presents a more
balanced distribution (56.3% conflict vs. 43.7%
cooperation), with the deduplicated version show-
ing an even more balanced split. Furthermore,
the composition of these interactions differs sig-
nificantly: POLECAT’s cooperation is primarily
material (19.4%) rather than verbal (2.9%), while
GENOME displays the inverse, heavily favouring
verbal cooperation (34.2%) over material actions
(8.5%).

Event-Type proportions: Conflict event types
are distributed similarly across both datasets. Co-
operation, however, diverges sharply. In verbal co-
operation, POLECAT is almost entirely dominated
by CONCEDE (94.1%), with no AGREE or SUPPORT
events recorded, while GENOME distributes most
of its verbal cooperation across CONSULT (66.6%)
and AGREE (24.9%). Material cooperation also dif-
fers structurally, though both datasets agree on AID
as the dominant type.

5.2 Temporal Dynamics

Daily flow: POLECAT exhibits the highest volatil-
ity (CV 40.9%), driven by a sharp weekend drop
(W/D 0.321) that pulls its mean well below the
median (Table 1). GENOME (dedup) shows the
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Metric POLECAT GENOME GENOME GENOME

(art.) (evt.) (dedup)
Mean 1048.85 190.20 190.20 111.97
Median 1235.0 188.0 184.5 116.0
Std 429.34 62.93 75.80 33.67
CV (%) 40.9 33.1 39.9 30.1
Wkday 1302.24 206.40 206.55 124.28
Wkend 418.33 149.88 149.51 81.33
W/D 0.321 0.726 0.724 0.654

Table 1: Events per day summary statistics (Feb—Jun
2024). Wkday = mean weekday count, Wkend = mean
weekend count, W/D = weekend/weekday ratio.

A (days) Count % of Total
<0 1,247 44
=0 14,933 52.3
1 8,946 31.4
2 1,440 5.0
3-5 1,133 4.0
6-10 529 1.9
> 10 302 1.1

Table 2: Distribution of event date vs. article date
lag (A) for GENOME prior to deduplication (Feb—Jun
2024). Total events: 28,530.

most stable flow (CV 30.1%) but a wider weekday—
weekend gap than the non-deduplicated versions,
while GENOME (event_date) is notably more
volatile than GENOME (article_date).

Event vs. Article Date: GENOME’s inferred
event dates follow expected behaviour: most events
(52.3%) fall on the article publication date, with
shares declining steadily as lag increases, and only
4.4% show a negative difference; we attribute this
to hallucination, time-zone mismatches, or sched-
uled future events (e.g., “The meeting will start
on Thursday”) (Table 2). This is clear in the
Israel-Iran case study (Figure 3), where GENOME
(event_date) produces sharp spikes on the exact
dates of the three major events, while both POLE-
CAT and GENOME (article_date) show a visible,
similar delay.

Deduplication effects: The daily volume of non-
deduplicated GENOME events and the deduplica-
tion rate are significantly correlated (r 0.57,
p < 0.001), consistent with high-volume days con-
taining more duplicate reports. The Israel-Iran
case study (Figure 3) shows the same pattern.

Aggregate correlation: Looking beyond the
Iran—Israel case, daily Pearson correlations be-
tween POLECAT and the three GENOME vari-
ants over the full 150-day window are 4-0.40 (arti-
cle_date), +0.30 (event_date), and +0.58 (dedup),
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Figure 2: Distribution of event types by share of total events (%) for GENOME, GENOME (dedup), and POLECAT
(Feb—Jun 2024). Background shading distinguishes the four PLOVER quad categories. Conflict event types show
close alignment between datasets, while cooperation—especially verbal—diverges sharply.

Quad category article event dedup
Overall +0.40 +0.30 +40.58
Verbal coop. +0.41 4037 +0.39
Material coop. +0.25 +0.28 +40.43
Verbal conf. +0.41 +40.33 +0.51
Material conf. +0.09 —-0.00 +0.20

Table 3: Daily-count Pearson r between POLECAT
and each GENOME variant by PLOVER quad category
(Feb—Jun 2024).

with deduplication strengthening agreement in all
four PLOVER quads (Table 3). Despite their sim-
ilar event-type shares, material conflict shows the
weakest aggregate daily-count agreement across
all three variants (Pearson r = +0.09 article_date,
r = —0.00 event_date, » = +0.20 dedup).

Dyad-level correlation: Restricting to the 14
dyads with at least 100 events in both GENOME
and POLECAT, material conflict correlation rises
sharply: positive in 13 of 14 dyads with article_date
r ranging from +0.12 to +0.81 (Iran—Israel). The
sole exception, Ukraine—United States, is also the
only dyad where cooperation dominates (verbal co-
operation r = 40.60). Across all quad categories,
daily correlation with POLECAT is highest under
article_date in 8 of 14 dyads, confirming POLE-
CAT’s bias toward publication cycles (full per-dyad
breakdown in Appendix Table 5).

Day-of-week analysis: The overall week-
end/weekday ratio remains stable across GENOME
date versions (Table 1), but switching to event dates
shifts the composition: weekend material conflict
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rises by 8.2%, while verbal and cooperative events
decline. Across all GENOME versions, material
events are less sensitive to day-of-week effects than
verbal ones, which drop visibly on weekends (Fig-
ure 4). POLECAT, by contrast, shows a uniform
drop across all categories.

5.3 Geographical Coverage and Entity
Structure

Dyad-level comparison: POLECAT has far more
unique country dyads (4,471 vs. GENOME’s
1,691), but including GENOME's third-party coun-
tries narrows this gap substantially (4,191). Only
2,384 dyads are shared, yet these cover the
top dyads by volume (e.g., Isracl-Iran, Russia—
Ukraine, USA—China), with higher mean events
per dyad in the shared group—suggesting conver-
gence on the most salient relationships.

Exclusive dyads and entity resolution: The
datasets’ exclusive dyads differ structurally: nearly
half of GENOME’s belong to verbal cooperation
(under 2% for POLECAT). GENOME also resolves
specific international bodies (NATO, IMF, G7) that
POLECAT aggregates under a generic “Interna-
tional Organization” label. Conversely, POLE-
CAT’s exclusive dyads include state-to-state pairs
such as Chile—Venezuela and Colombia—India, indi-
cating gaps in GENOME’s non-Western coverage.

Country-level distribution: For most countries,
POLECAT records substantially more events than
GENOME: the five with the largest gap (India, Rus-
sia, Israel, Ukraine, Brazil) alone account for a dif-
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Figure 3: Daily event counts for the Israel-Iran case study (Mar 25 — Apr 25, 2024).

ference of 42,000 events. This disparity is also pro-
nounced in Latin America, the Caucasus, and South
and Southeast Asia. GENOME exceeds POLECAT
only for a narrow cluster, most notably Palestine
and the United Nations.

Event structure: GENOME incorporates more
countries per event: 1.34 actors, 0.88 recipients,
and 1.09 third parties on average, compared to
POLECAT’s 1.05 actors and 0.55 recipients.

6 Discussion

GENOME and POLECAT can be understood as
similar products with different underlying mechan-
ics, which is reflected in differences in event vol-
ume, event composition, temporal attribution, and
entity representation. GENOME produces a sub-
stantially lower event volume, largely because it
typically yields one event per article while encod-
ing richer agent structures. In contrast, POLE-
CAT extracts more events per article and covers
a broader range of sources, including some non-
Western regions. It is also likely that POLECAT
introduces more duplicates of the same underly-
ing event, either due to more redundant inputs or a
higher extraction rate within individual articles.
Despite strong alignment between the two
datasets on conflict event types, reflecting their
shared ontology, a notable divergence emerges in
cooperative events. POLECAT contains almost no
CONSULT events and shows a generally low vol-
ume of verbal cooperation. This pattern suggests
that routine diplomatic interactions, such as meet-
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ings and official statements, are filtered out at the
input stage rather than misclassified. GENOME,
by contrast, captures a more balanced distribution
of cooperative events, which is particularly rele-
vant for early warning applications where lower
intensity interactions may carry predictive signal.
Despite operating on different input corpora, the
two datasets converge on the same major events.
Daily-count correlations with POLECAT are weak-
est in aggregate, with material conflict in particu-
lar appearing nearly uncorrelated. However, once
restricted to dyads where both systems record sub-
stantial activity, material conflict correlation turns
sharply positive in nearly all cases. The aggregate
gap therefore reflects differing geographic cover-
age rather than mismatched classifications.

GENOME also appears better able to attribute
events to their actual date of occurrence rather than
the publication date of the reporting source. This
distinction is reflected in the increased volatility ob-
served when moving from GENOME (article_date)
to GENOME (event_date): publication dates intro-
duce artificial smoothing due to reporting delays,
whereas event dates cluster reports onto the day the
event occurred, producing sharper temporal signals
around known geopolitical developments. This
effect is especially visible in the Israel-Iran case
study (Figure 3). POLECAT, in contrast, shows a
uniform decline in events over weekends, indicat-
ing stronger sensitivity to media publication cycles.
This bias is further confirmed at the dyad level,
where POLECAT’s daily counts align most closely
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Figure 4: Day-of-week event volume by category across datasets.

with GENOME (article_date) in the majority of
shared dyads. GENOME also exhibits a week-
end reduction, but this is concentrated in verbal
events, consistent with reduced diplomatic activity
and public statements, while material events remain
relatively stable. This suggests that GENOME’s
pipeline partially mitigates media cycle bias. Its
deduplication step further reduces redundancy in
highly reported events, although its accuracy still
requires formal evaluation.

Finally, GENOME demonstrates more granular
entity resolution. It distinguishes a range of interna-
tional organisations, including NATO, IMF, WTO,
BRICS, and the ICC, whereas POLECAT largely
restricts such entities to major supranational bodies
like the European Union and the United Nations,
grouping others under a generic “International Or-
ganization” category. This allows GENOME to
capture supranational interactions in greater detail.
In addition, the Third Party role further supports
the shift toward multi-entity event representations
described in Section 2.2.

7 Conclusion

As of today, GENOME provides a continuously
updated, automatically extracted dataset of geopo-
litical events covering both conflictual and coop-
erative, verbal and material inter-state interactions.
Its pipeline demonstrates that LLLM-based extrac-
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tion can produce structured event data that aligns
with established ontologies and captures dynam-
ics consistent with real-world patterns. However,
while POLECAT embodies a more granular detail
level (e.g., geolocalization, Wikidata normaliza-
tion, context-mode entries), GENOME currently
represents a foundation to be built upon. Future
work will focus on reintroducing these features,
enriching the dataset with finer-grained classifica-
tion of events and agent attributes, and expanding
coverage through more diverse, multilingual input
sources. Additionally, developing a manually an-
notated gold standard for the PLOVER ontology
remains a priority, both for GENOME and for the
broader socio-political event data community, as it
would enable systematic evaluation of extraction
quality across competing systems.

Limitations

Several limitations should be acknowledged. First,
GENOME relies exclusively on English-language
newswire sources from a single commercial
provider, which introduces both structural and lin-
guistic bias toward Western media perspectives
and English-speaking regions. This likely explains
the coverage gaps in Latin America, the Cauca-
sus, and South and Southeast Asia identified in the
geographical comparison with POLECAT. Rely-
ing on Western-centric, English-language media



inherently restricts the observability of localized or
low-intensity geopolitical interactions in the Global
South.

Second, GENOME lacks a manually annotated
gold standard for evaluation, a limitation shared
by the broader automated geopolitical event extrac-
tion community. While the indirect comparison
with POLECAT and known real-world occurrences
provides useful indicators of systemic validity, the
lack of record-level ground truth prevents a formal
calculation of standard precision, recall, and F1
metrics for the extraction and classification mod-
ules. Without such ground truth, it remains diffi-
cult to determine whether divergences from POLE-
CAT, particularly in cooperative event types, reflect
genuine improvements in coverage or systematic
biases introduced by the LLM-based pipeline. De-
veloping such a dataset remains a priority to enable
systematic evaluation across competing systems.

Third, to minimize hallucination and standard-
ize inputs, the extraction module is deliberately
prompted to identify the single “core” event of
an article, discarding secondary, historical, or
contextual interactions unless strictly necessary.
While this design choice successfully reduces noise
and redundancy, it inherently caps the recall of
the system, potentially missing valid but subordi-
nate events embedded later in the text. Addition-
ally, article texts are truncated at approximately
200 words under the assumption of a standard
newswire inverted-pyramid structure. Articles that
deviate from this format, such as feature pieces,
opinion columns, or non-Western journalistic con-
ventions, may yield incomplete or inaccurate ex-
tractions. The 4.4% of events with negative date
lags further suggests that the date inference mech-
anism is susceptible to hallucination, time-zone
ambiguities, and references to scheduled future
events.

Fourth, while the multi-criteria deduplication
pipeline and entity resolution steps demonstrably
reduce the redundancy of highly covered events
and clean the dataset’s network structure, their ac-
curacy has not been formally evaluated against hu-
man judgments. The chosen similarity thresholds
(e.g., the 0.80 composite score) were optimized
iteratively on pilot data but may require domain-
specific tuning to prevent the over-merging of dis-
tinct but similar events occurring in close temporal
proximity. Similarly, the 35.4% reduction in unique
agent names through embedding-based clustering
risks merging distinct entities that share similar
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names or descriptions.

Fifth, the current implementation utilizes a sim-
plified version of the PLOVER ontology. It focuses
on the 16 root event types and introduces a novel
Third Party role, but it temporarily omits finer-
grained sub-types, exact geolocalization, Wikidata
normalization, and contextual-mode tagging that
POLECAT provides, limiting the granularity of
downstream analyses.

Finally, the pipeline depends on proprietary,
closed-source LLMs (the OpenAl GPT family),
including gpt-40-mini for extraction and a fine-
tuned gpt-4.1-nano for classification. While cost-
effective and highly performant for structured out-
puts, this reliance introduces concerns regarding
reproducibility over time, as underlying model
weights and behaviors may be updated by the
provider without notice. The fine-tuning process
further relies on silver-standard labels produced
by gpt-5.1 rather than human annotations, poten-
tially propagating systematic errors into the classi-
fication module.
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A Event Type Counts
See Table 4.

B Dyad-level Pearson correlations
See Table 5.
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Table 4: Event counts and shares by type for GENOME, GENOME (dedup), and POLECAT (Feb—Jun 2024).

GENOME Dedup POLECAT
Type N % N % N %
Verbal cooperation
CONSULT 6,646 23.3 3,794 226 267 0.2
AGREE 2,486 8.7 1,565 9.3 0 0.0
SUPPORT 686 2.4 513 3.1 0 0.0
CONCEDE 168 0.6 105 0.6 4,227 2.7
Material cooperation
AID 1,787 6.3 1,207 7.2 21,175 13.5
COOPERATE 525 1.8 382 2.3 319 0.2
RETREAT 166 0.6 88 0.5 9,101 5.8
Verbal conflict
ACCUSE 4,786 16.8 3,232 19.2 37,580 239
REQUEST 3,121 109 1,989 11.8 15,738 10.0
THREATEN 685 2.4 351 2.1 9,484 6.0
REJECT 387 1.4 238 1.4 29 0.0
Material conflict
ASSAULT 4,526 15.9 1,903 11.3 30,254 192
SANCTION 1,554 5.4 701 4.2 10,093 6.4
COERCE 506 1.8 374 2.2 11,858 7.5
MOBILIZE 401 1.4 268 1.6 1,746 1.1
PROTEST 100 0.4 85 0.5 5,457 3.5
Total 28,530 100 16,795 100 157,328 100

Table 5: Daily-count Pearson r between POLECAT and each GENOME variant (art = article_date, evt = event_date,
dd = dedup) for the 14 dyads with at least 100 events in both datasets, broken down by PLOVER quad category
(Feb—Jun 2024). Dyads ordered by combined volume. “n/a” indicates that one or both sides had zero events in the
corresponding quad.

Overall V-Coop M-Coop V-Conf M-Conf

Dyad art evt dd art evt dd art evt dd art evt dd art evt dd

Russia—Ukraine +0.24 4+0.20 +0.15 +0.12 +0.29 —0.04 +0.07 +0.14 +0.15 +0.24 +0.30 +0.18 +0.21 +0.11 +0.11
Iran—Israel +0.86 +0.46 +0.58 +0.32 +0.36 —0.02 +0.00 +0.18 +0.21 +0.91 +0.62 +0.58 +0.81 +0.42 +0.47
Israel-United States +0.38 +0.26 +0.33 +0.03 +0.09 +0.08 +0.13 +0.11 +0.03 +0.30 +0.18 +0.25 +0.18 +0.17 +0.31
Russia—United States +0.61 +0.56 +0.47 —0.04 —0.07 —0.07 40.15 40.08 40.09 +0.46 +0.41 +0.47 40.37 +0.31 +0.08
Israel-Syria +0.20 +0.23 +0.11 n/a n/a n/a  40.06 4+0.06 4+0.06 +0.06 +0.06 +0.06 +0.24 +40.26 +0.10
China—United States +0.49 +0.50 +0.45 —0.07 —0.06 —0.07 —0.07 +0.08 +0.11 +0.31 +0.36 +0.39 +0.24 +0.17 +0.23
Isracl-Lebanon +0.43 +0.35 +0.25 —0.01 —0.01 —0.01 —0.01 —0.01 —0.01 +0.35 +0.23 +0.14 +0.40 +0.36 +0.28
Iran—United States +0.65 +0.65 4+0.55 n/a n/a n/a  +0.03 +0.22 +0.20 +0.56 +0.48 +0.51 +0.53 +0.61 +0.36

Ukraine-United States +0.46 +0.29 40.07 40.60 40.49 —0.06 40.32 40.26 40.18 —0.05 4+0.04 —0.00 —0.04 —0.04 —0.04
United States—Yemen +0.16 +0.08 +0.32 n/a n/a n/a  —0.02 —0.02 —0.01 +0.10 40.03 +0.03 +0.18 +40.10 +0.35
China-Philippines +0.59 +0.33 +0.35 +0.28 +0.28 +0.37 —0.03 —0.03 —0.03 +0.51 +0.45 +0.38 +0.25 +0.13 +0.07
North Korea—South Korea +0.70 +0.49 +0.56 +0.26 +0.16 —0.04 —0.04 —0.04 —0.04 +0.51 +0.36 +0.41 +0.49 +0.47 +0.36
Russia—United Kingdom +4-0.64 +0.70 +0.44 —0.03 —0.03 —0.03 n/a n/a n/a  40.31 40.27 40.29 40.74 40.78 40.51
United Kingdom—Yemen +0.11 +0.14 +0.42 n/a n/a n/a —0.01 —0.01 —0.01 —0.04 —0.04 —0.04 +0.12 +0.14 +0.47
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Abstract

Our paper explores several machine learn-
ing methods for detecting toxic language in
gaming-related chat utterances. We start with
the GameTox dataset, perform some data pre-
processing and augment the minority classes
with LLM-generated synthetic data. We then
set a baseline using a classic Logistic Re-
gression model and continue to explore sev-
eral approaches to surpassing it, by leveraging
the leading multilingual transformer models
(XLM-RoBERTa and DeBERTa-V3) to clas-
sify our test data. We achieve a top result
of 0.6725 Macro-F1 (2" place on shared task
leaderboard) using a MDeBERTa-V3 model
which we pretrained on the Jigsaw dataset for
1 epoch and then fine-tuned on our GameTox
data for 5 epochs.

1 Introduction

Toxic behavior and messaging in online multiplayer
games is widespread. This paper explores design-
ing and training several machine learning models
to help implement robust detection methods to en-
sure user safety. We have written this as part of a
shared task (Thapa et al., 2026) within the EEUCA
workshop (Hiirriyetoglu et al., 2026) (ACL 2026).
Our results show that, of several approaches con-
sidered, the best performing one is a DeBERTa-V3
model which we pretrained on a more generic tox-
icity dataset (Kivlichan et al., 2020), achieving a
Macro-F1 score of 0.6725 (2" place on the final
leaderboard).

2 Related Work

Since the EEUCA shared task is still ongoing, there
is no established SOTA or baseline regarding the
GameTox dataset. In the original GameTox paper
(Naseem et al., 2025), the authors identify Joint
BERT (Chen et al., 2019) as the most promising
model, with a 0.89 accuracy score. On a similar
gaming chat dataset, CONDA (Weld et al., 2021),
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the winning paper (Jia et al., 2024) describes the
BRAR model, which implements attention residu-
als, slot filling and label forcing. ToxBuster (Yang
et al., 2023) is a model which reaches an accuracy
of 0.82 by creating context from groups of sequen-
tial chat messages (not possible for our dataset).
ToXCL (Hoang et al., 2024) is a framework for tox-
icity detection using Contrastive Loss to address
dataset class imbalance issues with good results.
However, its applicability to gaming chat is not as
performant.

3 Method
3.1 Dataset

The shared task is based on GameTox (Naseem
et al., 2025), a dataset of chat utterances collected
from the game "World of Tanks". The dataset con-
tains messages labeled on a scale from 0 to 5 (an an-
notation schema shared with Crisishatemm (Bhan-
dari et al., 2023)), with the labels indicating the
following mapping:

* 0 - Non-toxic*

1 - Insults and flaming’

2 - Other offensive texts®

3 - Hate and harassment’

4 - Threats®

* 5 - Extremism’

The messages are generally very short, with an aver-
age length of 13.84 characters and a 75" percentile
of 18 characters (Figures 2 and 3). This brevity
presents additional challenges for effective training
and detection. Another noteworthy characteristic
is the multilingual aspect of the dataset: messages
are mostly in English, but also in Russian, German,
Polish, French, and other languages, making it es-
sential to use models capable of handling multiple
languages.

Proceedings of the 9th Workshop on Event Extraction and Understanding: Challenges and Applications, pages 96—103
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The dataset is highly imbalanced, with the major-
ity of messages being labeled as non-toxic (81%),
down to 0.06% labeled 5 - only 27 samples - Figure
1. To address this imbalance, we employed several
preprocessing techniques to clean and normalize
the text data, as detailed below.

3.2 Preprocessing

After exploring the dataset, we put together the
following steps for preprocessing the message data:

1. URL removal: we replaced all URLs with a
[URL] tag, to avoid URL content influencing our
training.

2. Lowercase: we converted all text to lowercase
to ensure consistency.

3. User mentions: we replaced all @user men-
tions/tagging with a common [USER] tag.

4. Repetition normalization: we reduced char-
acters repeated more than twice. This keeps the em-
phasis, but removes redundancy. (e.g. ’looooool’
->’lool’)

5. Slang map: we applied a mapping for com-
mon slang, abbreviations, typos and obfuscations,
most of which we manually extracted from the mes-
sages in classes 3-5.

6. Augmentation: we generated 50 synthetic
data samples for classes 4-5, where our original
dataset had very few examples. We used Gemini
3 Pro with the prompt in Appendix A to generate
these samples.

3.3 Models
3.3.1 M1: Basic baseline

Since the shared task does not provide a base-
line, we implemented a simple Logistic Regression
model using TF-IDF (Spérck Jones, 1972) features.
This model serves as a reference point for evaluat-
ing the performance of more complex models in
our next attempts.

Our baseline Macro-F1 score, using LR, was
0.5046 on the validation set and 0.4665 on the test
set.

3.3.2 M2: XLMR (0.3B parameters)

As a next step, we fine-tuned the XLM-RoBERTa-
base transformer model (Conneau et al., 2019) on
the GameTox dataset. We chose XLMR because
it is a multilingual model pre-trained on 100 lan-
guages, making it suitable for our task which in-
cludes messages in multiple languages. We used
the HuggingFace Transformers library for imple-
mentation, and trained the model for 5 epochs with



a learning rate of 2e-5 and a batch size of 16. Prior
to training, we performed a 5-fold stratified split
of the training data (ensuring class distribution is
maintained in each fold), and used 4 folds as train-
ing data and 1 fold as validation data, over 5 itera-
tions. We then averaged the results across the folds
to obtain a robust estimate of model performance.
Our fine-tuned XLMR model achieved a Macro-F1
score of 0.5297 on the validation set, and 0.5752
on the test set. At this point, even while this was
the leading model in the shared task leaderboard,
we aimed to push performance even higher.

3.3.3 M3: XLMR pretrained on Jigsaw

To improve our score, we next adopted a transfer
learning approach. We first pre-trained the XLLM-
RoBERTa-base model on the Jigsaw Multilingual
Toxic Comment Classification dataset (Kivlichan
etal., 2020), which contains a large number of toxic
comments in multiple languages. This pre-training
step helps the model learn general features of toxic
language, which can then be fine-tuned on the more
specific GameTox dataset. After pre-training on
Jigsaw for 1 epoch, we fine-tuned the model on
GameTox for 5 epochs using the same hyperpa-
rameters as before. Since Jigsaw is a much larger
dataset, its pre-training should improve our model’s
sensitivity to detect toxicity in written form. How-
ever, Jigsaw is not specifically focused on gam-
ing chat, so we transferred this knowledge to the
specifics of our GameTox dataset in the subsequent
training step.

The result was a Macro-F1 score of 0.4755 on the
test set, which was lower than our previous XLMR
model. This indicates that while transfer learning
can be beneficial, it may not always lead to im-
proved performance, especially if the pre-training
dataset is not closely aligned with the target task.

3.3.4 M4: MDeBERTA-V3 (0.27B

parameters) pretrained on Jigsaw

Since the first transfer learning attempt attained
lower performance than expected, our next ap-
proach involved switching to a different trans-
former architecture: Microsoft DeBERTa-V3 (He
et al., 2021), which has shown strong performance
on various NLP tasks, and is still multilingual. We
followed the same transfer learning approach as be-
fore, pre-training the DeBERTa-V3-base model on
the Jigsaw dataset for 1 epoch, and then fine-tuning
it on GameTox for 5 epochs. We used a learning
rate of 2e-5 and a batch size of 16. Specifically for
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the pretraining step, we increased the maximum in-
put length to 256 tokens (from the default 64), since
many Jigsaw comments are longer and would be
otherwise truncated. This allows the model to cap-
ture more context from longer comments, which
could be beneficial for toxicity detection.

Our model achieved a Macro-F1 score of 0.6258
on the validation set, and 0.6725 on the test set. It
is our best-scoring model so far, and remained our
top contender, but we tried a few other approaches
to see if we can improve on our performance.

3.3.5 MS5: Ensemble prediction

Since our models are showing different strengths
and weaknesses (higher precision vs higher recall),
we decided to combine their predictions using an
ensemble approach. We used a weighted average
of the predicted probabilities of our M3 and M4
models, with weights determined based on their
validation performance (F1 score).

This resulted in a Macro-F1 of 0.6165 - not bad,
but lower than the simple predictions of M4.

3.3.6 M6: Pseudo label augmentation of M4

Our last improvement idea involved another type
of data augmentation, where we used our leading
model as a "teacher" model to train a fresh "stu-
dent" model. We again used the DeBERTa-V3-base
model as the student, and trained it to mimic the
predictions of the M4 model on the training data.
This involved merging the original training data
(triplicated, to keep it dominant) with the pseudo-
labeled data generated by the teacher model.

We then trained the student model on this merged
dataset for 3 epochs, obtaining a Macro-F1 score
of 0.5927 on the test set, and 0.6114 after threshold
optimization (see 3.3.8).

3.3.7 M7: Pseudo label augmentation of M5

The final model we experimented with was trained
similarly to M6, but on the predictions generated
by MS instead of M4. The result was a Macro-F1
score of 0.6311, still below our M4 model.

3.3.8 Threshold Optimization

At inference time, by default, calculating a pre-
diction would mean picking the class label with
the highest predicted probability. Given the imbal-
anced nature of our dataset, we decided to optimize
the decision thresholds for each class to improve re-
call on the less represented classes. We performed
a grid search over [0.10, 0.95] threshold values



for each class and determined the optimal thresh-
olds to maximize the F1 score. Next, during the
prediction generation, we implemented a severity
waterfall, and checked each predicted probability
against each class threshold, in descending order
(5 to 0). If the probability exceeded a threshold, we
chose this class as our final prediction and skipped
to the next sample.

Some models reacted favorably to the threshold
tuning, while others did not. Where not explic-
itly specified, we chose the results with the higher
Macro-F1 score of the two.

4 Future Work

Strong class imbalance, such as found within our
dataset, has been shown to be well handled by Fo-
cal Loss (Lin et al., 2018) and Adversarial Weight
Perturbation (Wu et al., 2020) techniques.
Another avenue worth exploring is using Joint In-
tent Classification and Slot Filling (Chen et al.,
2019) - we are ignoring slots in our implementa-
tion at this point and haven’t explored this further.
On the data augmentation front, there are several
approaches which could yield interesting results.
One is to go beyond synthetic data generation us-
ing LL.Ms, and explore backtranslation (Sugiyama
and Yoshinaga, 2019) or other synthetic generation
methods.

Similar to how we used the Jigsaw dataset, one
could search for another dataset to use for pretrain-
ing the transformers during the first epoch - perhaps
the CONDA dataset (Weld et al., 2021) or other
toxicity-focused datasets.

Model distillation between architectures (e.g. us-
ing XLLMR as a teacher and DeBERTa as student,
or using a monolingual model as the student for a
multilingual teacher) was also not explored due to
time constraints, and might be a promising avenue.
Finally, there are other multilingual transformer
architectures, such as BERT or other sizes of
XLMR/MDeBERTa, which could yield different
results.

5 Conclusion

Of all the various model and parameter combina-
tions we experimented with, our best result was ob-
tained using model M4 (3.3.4) - a Macro-F1 score
of 0.6725 in the shared task competition, which
placed us at position #2 in the leaderboard at the
end of the test phase.

A comparative table detailing the performance ob-
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tained with the various implemented models can
be seen in Table 1.

Our present research on the topic of toxicity in
online gaming chat shows that DeBERTa-V3 is a
capable multilingual model for this task, and pre-
training it on a toxicity-related dataset (even if not
gaming focused) surpasses other implementations
using straightforward training or other transformer
models.

Limitations

The transformers we have used for this task, such
as XLM-RoBERTa and DeBERTa-V3, are rela-
tively large models (approx. 0.3B parameters)
that require significant computational resources for
both training and inference. On a MacBook M4
Pro, training an epoch can take one hour, and the
chances for improving hyperparameters or experi-
menting with model modifications are limited by
time. Additionally, while these models are pre-
trained on multiple languages, their performance
may vary significantly across different languages
present in the dataset - this is a limitation we did
not explore in this project. When we pretrained the
XLMR model (M3 3.3.3), we used the same max
length of 64 as for the GameTox dataset. However,
Jigsaw text is much more ample, thus a max length
of 256 would have been more appropriate, ensuring
less content is truncated. Larger models (such as
DeBERTa-V3-large or XLM-RoBERTa-XL) could
potentially yield better results, but their training
would not have been feasible within our resource
constraints.

Ethical Considerations

The datasets processed in this research contain
highly offensive, hateful, and disturbing language,
including threats, hate speech, severe profanity and
extremism. Our models are discriminative (classi-
fiers) rather than generative; they do not generate
new toxic text, but serve only to flag existing tox-
icity. While this technology is designed to foster
safer online communities, we recognize the dual-
use potential of automated moderation tools. If
misapplied, such systems could be used for censor-
ship or surveillance. We emphasize that our models
are intended to assist human moderators by flag-
ging potential violations, not to act as autonomous
decision makers without human oversight.



M4 M5 Mo M7

0.6725 0.6165 0.6311 0.6114
0.8992 0.8964 0.8794 0.8954
0.6636 0.6135 0.5783 0.5695
0.6846 0.6237 0.7194 0.6844

Table 1: Training results

M1 M2 M3
F1 Macro 0.4665 0.5752 0.4755
Accuracy 0.8804 0.8739 0.8448
Precision 0.4561 0.526 0.4162
Recall 0.5029 0.6521 0.6588
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ism’ and *Threats’ in online gaming chat (World of
Tanks).
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Please generate:

50 distinct examples of "Extremism’ (Class 5):
These should focus on radical ideology, promotion
of terrorist groups, or extreme political hate, but
written in ’gaming chat style’ (short, lowercase,
maybe some typos).

50 distinct examples of 'Threats’ (Class 4):
These should be physical threats of violence (e.g.,
"I will find where you live’, ’kill yourself”), distinct
from simple insults.

Format the output as a CSV with columns: mes-
sage,label (where label is 5 for Extremism and 4
for Threats)."
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B Word clouds of each label class
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Word Cloud - Label 5
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Abstract

Our team was interested in content classifica-
tion and labeling from toxicity detection of
gaming chat logs in online gaming commu-
nities. We joined the shared task on Under-
standing Toxic Behavioral Intent in Gaming
Chat Logs@EEUCA with ACL 2026. In this
task, our goal is to assign a content classifi-
cation label to player’s utterance (e.g., Hate
and Harassment, Threats, Non-toxic). The ob-
jective is to develop systems that can classify
the intent of a player’s utterance. The dataset
for this task will have five labels: Non-toxic
(0), Insults and Flaming (1), Other Offensive
Texts (2), Hate and Harassment (3), Threats
(4) and Extremism (5). The performance will
be ranked by F1-score (Macro). The task uti-
lizes 53,000 game chat utterances from World
of Tanks. Our group used a supervised learn-
ing method on multiple pre-trained models and
finetuning Qwen2 LLMs. The best result on
the test set for shared task were Macro F1 score
of 0.5776, Accuracy 0.9075, Precision (Macro)
0.6847, and Recall (Macro) 0.5343 from fine-
tuning qwen2_7B LLM method, ranking 8th
among all teams. The complete code of this
entire project can be found at our GitHub ad-
dress!

1 Introduction

First of all, let’s introduce the overview of shared
task on Understanding Toxic Behavioral Intent
in Gaming Chat Logs@EEUCA with ACL 2026
(Thapa et al., 2026). The prevalence of toxic be-
havior in online gaming communities necessitates
robust detection methods to ensure user safety. This
shared task focuses on detecting toxicity in game
chat logs, specifically using the GameTox dataset,
which captures the complex relationship between

"https://github.com/WangKongQiang/
EEUCA2026_Understanding_Toxic_
Behavioral_Intent_in_Gaming_Chat_Logs
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user intent and specific linguistic features. In this
context, the distinction between Toxic and Non-
toxic becomes blurred, as gaming chat logs strad-
dle the line between satire and offense, challeng-
ing researchers and platforms alike to navigate the
complexities of online content moderation. As one
label generally fails to encompass multiple aspects
of linguistics, this shared task classifies gaming
chat logs on five aspects: Non-toxic (0), Insults
and Flaming (1), Other Offensive Texts (2), Hate
and Harassment (3), Threats (4) and Extremism
(5).

The objective is to develop systems that can clas-
sify the intent of a player’s utterance (e.g., Hate and
Harassment, Threats, Non-toxic). The task utilizes
53,000 game chat utterances from World of Tanks.
This dataset has been published in NAACL 2025
(Naseem et al., 2025).

2 Background

2.1 Toxicity detection in online games

The internet has become a common platform for
everyone to share their ideas and opinions. The
user has freedom to post whatever he/she likes in
social networking and blogging sites. However,
sometimes the content when directed towards cer-
tain group of individuals with an intention to incite
hate or discrimination, causes a turmoil in the so-
ciety. Such content is known as hate speech. Hate
speech (Bhandari et al., 2023) can be a serious prob-
lem to peace and harmony in the society. There
are instances where hate speech have led to so-
cial unrest and extremism. Thus, hate speech in
the internet needs to be monitored (Parihar et al.,
2021). In this context, researchers have proposed
various frameworks and datasets for automated tox-
icity detection in online games. (Blackburn and
Kwak, 2014) utilized crowdsourced in-game user
reports from League of Legends (LoL) for toxic
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behavior detection by extracting 534 features from
in-game performance, user reports, and chat logs
and employed the Random Forest Classifier for
toxicity detection. (Stoop et al., 2019) used a simi-
lar approach for data collection and introduced the
RNN-based HaRe framework that tracked toxicity
estimates for each user individually, updated the
estimate with every new utterance, concatenated
all of the utterances of each user, and classified the
combined text. (Mirtens et al., 2015) proposed a
novel lexicon-based annotation strategy for game
chat toxicity detection to devise the DotAlicious
dataset consisting of chat replays from 12,923 De-
fense of the Ancients (DOTA) matches.

2.2 Toxicity and Hate speech datasets

Detection of hate speech and toxicity in online
environments has seen significant progress in re-
cent years. (Oz et al., 2023) aimed to explore the
perceptions, concerns, and strategies of LGBTQ
social media activists in Turkey. Through semi-
structured interviews with 20 LGBTQ social media
activists, This study investigated how they navi-
gate cultural and political challenges and utilize
social media for activism purposes. (Thapa et al.,
2024) addressed the need for effective hate speech
moderation in contemporary digital discourse, the
multimodal hate speech event detection shared task
(Thapa et al., 2023) made its debut at russia-ukraine
crisis period. (Qian et al., 2019) introduced two
labeled hate speech datasets collected from Red-
dit (22k comments) and Gab (33k comments) con-
taining manually-written intervention responses.
(Wijesiriwardene et al., 2020) focused on toxic be-
haviors among youngsters and introduced ALONE,
a dataset for toxic behavior detection among ado-
lescents on Twitter, consisting of 16,901 tweets in
688 interactions and labeled for toxic vs non-toxic
classes. (Founta et al., 2018) analyzed abusive be-
havior on Twitter by releasing a dataset of 80,000
tweets annotated for seven labels: offensive, abu-
sive, hate speech labels, aggressive, cyberbullying,
spam, and normal. (Mathew et al., 2020) intro-
duced HateXplain, a dataset for explainable hate
speech detection, consisting of 20,148 posts col-
lected from Twitter and Gab annotated for three
classes: hate, offensive, and normal, alongside tar-
get communities within hate. They further anno-
tated the sections of the post that guide the label-
ing rationale. (Zampieri et al., 2019) released an
offensive language detection dataset comprising
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14,100 tweets categorizing offensive language and
its targets, consisting of offensiveness detection
with three target classes: Individual, Group, and
Other. To discern multiple aspects within cyber-
bullying, (Salawu et al., 2021) curated an exten-
sive dataset for cyberbullying detection comprising
62,587 tweets annotated for multiple aspects in-
cluding Bullying, Profanity, Sarcasm, Threat, and
Spam.

3 Dataset

In this section, we describe various aspects of task
dataset including data collection, utterance annota-
tion, and dataset statistics. Task dataset comprises
42,963 text utterance that encompass different in-
tent content relevant to the chat recordings from
the game World Of Tanks. Organizers collected
53,000 utterances from the WoT Record database,
which stores chat recordings from the game World
Of Tanks. Among these utterances, 42,963 sam-
ples contained only English text, and the rest were
in other languages or a code-mixed format. The
42,963 English utterances were annotated for in-
tent, and all samples were annotated for slot filling
by converting the code-mixed samples to English
by using Google Translate”. Organizers converted
all text to lowercase to ensure uniformity. They
removed all duplicated text from the corpus, which
may otherwise create biases. Further, they removed
all user identifiers such as usernames and gamer
tags to preserve the privacy of players.

3.1 Utterance Annotation

Each utterance was labeled to one of 6 labels:Non-
toxic (0), Insults and Flaming (1), Other Offensive
Texts (2), Hate and Harassment (3), Threats (4),
and Extremism (5). Non-toxic if toxicity was not
present and one of the five toxicity labels if toxicity
was present. Utterance annotation for each label
are mentioned below.

Hate and Harassment: Utterances with the
presence of identity-based hate or harassment (e.g.,
racism, sexism, homophobia).

Threats: Utterances with threats of violence,
physical harm to another player, employee, or prop-
erty, terrorism, or releasing a player’s real-world
personal information (e.g., doxing).

Extremism: Utterances with extremist views
(e.g., white supremacy), attempts to groom or re-
cruit for an extremist group, or repeated sharing of

Zhttps://translate.google.com
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Figure 1: Wordcloud of words in each intent label.

political or religious beliefs.

Insults and Flaming: Insults or attacks on an-
other player or team (not based on player or team’s
real or perceived identity)

Other Offensive Texts: Any message not cov-
ered in the aforementioned categories that is offen-
sive or harms a player’s reasonable enjoyment of
the game.

Non-Toxic: Utterances without any toxicity.
3.2 Dataset Statistics

Table 1: Dataset statistics for GameTox. The data con-
sists of 42,963 samples for player’s utterance toxicity
detection task in online gaming communities.

Task Label #Samples %
Non-Toxic 34679 80.71
Insults and Flaming 6049 14.07
Intent Classification Other Offensive Texts 1885 4.38
Hate and Harassment 274 0.63
Threats 53 0.12
Extremism 23 0.053
Task Token %
Other 67.17
. . Verb 15.51
Slot Classification Game Slang 77
Toxic 9.59

Table 1 (Upper) provides the class distribution
of intent across the 42,963 English utterances, and
Table 1 (Down) provides the slot filling distribution
across all utterances. Most utterances are non-toxic
in nature and a notable data imbalance is present.
However, this is in line with real world data distri-
butions, where extremely toxic labels such as Hate
and Harassment, Threats, and Extremism are often
moderated or automatically suppressed. Figure 1
illustrates the word cloud for all intent labels.

4 System Overview

4.1 Fine-tuning Pre-trained Models

Introduction. In recent years, with the rapid de-
velopment of deep learning technology, large-scale
pre-trained models have achieved remarkable re-
sults in fields such as natural language process-
ing, computer vision, and multimodal learning.
Compared with traditional models trained from
scratch, pre-trained models can learn rich seman-
tic representations and general knowledge by pre-
training on large-scale general corpora, thereby
significantly improving the performance and train-
ing efficiency of downstream tasks. However, the
knowledge learned by pre-trained models on gen-
eral corpora often has strong generalization, while
specific tasks usually have obvious domain charac-
teristics. Therefore, directly applying pre-trained
models to downstream tasks often fails to achieve
the best results. To solve this problem, researchers
usually adopt the fine-tuning strategy, that is, on
the basis of the pre-trained model, further optimize
the model parameters using the data of specific
tasks, so that it can better adapt to the target task.
In this study, to enhance the model’s performance
in the task of toxic behavioral intent analysis, a pre-
trained language model was adopted as the base
model and fine-tuned in combination with specific
task data (GameTox dataset), enabling the model
to effectively learn the semantic relationship be-
tween gaming chat utterance expressions and their
underlying intents.

The classifier in the pre-trained model uses a
transformer based classifier. The specific pre-
trained models of the classifier are shown in the
Table 2.

Table 2: pre-trained model classifier structure for gam-
ing chat content classification.

Model Batch Size | Num Epochs | Learning Rate
alber/albert-base-v2 32 5 2e-5
google-bert/bert-base-uncased 32 2e-5
nghuyong/ernie-2.0-large-en 32 Te5
Facebook Al/roberta-large-mnli 32 2e-5
cambridgeltl/trans der-bi-si berta-larg 32 le-5

v wlu

The Principle of Fine-tuning Pre-trained
Models. Pre-trained models typically use large-
scale corpora for self-supervised learning, such
as tasks like language model prediction, masked
language modeling, or autoregressive modeling,
thereby learning common language representations.
After pre-training, the model parameters already
contain a large amount of language knowledge and
semantic information. Therefore, in downstream
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tasks, only a small amount of labeled data is needed
to achieve good performance.

The basic idea of fine-tuning is to introduce su-
pervisory signals from downstream tasks on the ba-
sis of the parameters of the pre-trained model and
further optimize the model parameters through the
gradient descent algorithm. Let the parameters of
the pre-trained model be 8, Given the downstream
task training dataset D = (z;, yl)fi 1» Where z;
represents the input text and y; represents the cor-
responding label, then the model training objective
can be expressed as:

1 N

L(0) = sz(f(l“i;@),yz’) (1

=1

Here, f(-) represents the model prediction func-
tion, and £(-) is the loss function (such as cross-
entropy loss). By minimizing this loss function,
the model can gradually adapt to the data distri-
bution of a specific task, thereby enhancing the
prediction performance.

In practical applications, fine-tuning typically
includes the following two methods:

* Full Fine-tuning: Update all the parameters
of the pre-trained model to enable it to fully
adapt to the target task.

* Parameter-efficient Fine-tuning: Only up-
date some parameters or introduce additional
lightweight modules to reduce training costs,
such as Adapter, LoORA and other methods.

In this study, based on the characteristics of the task
and the availability of computing resources, the
pre-trained model was trained using a parameter-
efficient fine-tuning strategy.

Input Data Construction. First of all, the origi-
nal data needs to be converted into an input format
that the model can handle. For text tasks, the fol-
lowing steps are usually required:

* Text Cleaning and Preprocessing: Remove
irrelevant symbols or abnormal characters;

* Word Segmentation and Encoding: Use the
tokenizer corresponding to the pre-trained
model to convert the text into a token se-
quence;

* Input Sequence Construction: Ultimately, the
input text will be represented as a sequence of
token ids and input into the pre-trained model
for feature encoding.

Data
Preparation

Training & Model
Optimization

Evaluation

reprocessed Data
.
==
Training Set
& = BOR
Validation Set
6 | | Pre-trained Model
Test Set

|+ Learning Rate Adjustment Performance Metrics
|~ Gradient Descent

+ Early Stopping Test Results

Figure 2: The framework diagram of the fine-tuning
pre-trained classification model.

Task Structure Design. During the fine-tuning
process, it is necessary to design the correspond-
ing prediction structure based on the specific task.
For instance, in the task of toxic behavioral in-
tent analysis in gaming chat logs, the model needs
to simultaneously identify toxic behavioral intent
categories as well as the corresponding player’s ut-
terance information. Therefore, a model is usually
composed of the following parts:

* Pre-trained Encoding Layer: Used for extract-
ing semantic representations of text;

* Task-specific Layer: For example, the classifi-
cation layer or the sequence labeling layer;

e Output Layer: Generate the final prediction
result.

By adding task-related structures at the top of
the pre-trained model, the model’s adaptability to
specific tasks can be effectively enhanced.

The overall architecture diagram of the fine-
tuing pre-trained model is shown in the Figure 2.

Design of Loss Function. During the training
process, it is necessary to select an appropriate loss
function based on the type of task. For classifica-
tion tasks, the cross-entropy loss function is usually
adopted.

c
L==> yilog(p;) 2
i=1

Here, C represents the number of categories, y;
is the true label, and p; is the model prediction
probability. By minimizing the loss function, the
consistency between the model’s prediction results
and the true labels can be gradually improved.
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4.2 Hard Voting Mechanism

The hard voting mechanism is a common model
fusion strategy in ensemble learning, mainly used
for classification tasks. Its basic idea is: multiple
base learners make predictions on the same sample
respectively, and then determine the final prediction
category through majority voting.

The Principle of Hard Voting Mechanism. As-
sume that the ensemble model consists of M base
classifiers: hi(x), ho(x), ..., ha(z), where h;(z)
denotes the prediction of the i-th classifier for input
sample z. The final prediction of the hard voting
ensemble is determined by majority voting:

M
y = argmax I(hi(z) =¢) 3)
i=1
where C represents the set of all possible classes
and I(-) is an indicator function defined as:

)1, ifhi(z) =c
c) = {07

In a weighted hard voting scheme, each classifier is
assigned a weight w;, and the final prediction can
be written as:

“4)

otherwise

In our experiment, the weights of each classifier
were the same.

4.3 Fine-tuning of the Qwen2 Large
Language Model (LLM)

Qwen2 is an open-source large language model
(LLM) developed by the Tongyi Qianwen team and
created by Alibaba Cloud’s Tongyi Lab. Using
Qwen?2 as the base large language model (LLM)
and achieving high-accuracy text classification
through instruction fine-tuning is an introductory
task for learning the fine-tuning of large language
models (LLMs).

Instruction fine-tuning is a process of further
training an LL.Ms on a dataset composed of (in-
struction, input, output) combine pairs. Among
them, the instructions represent the human instruc-
tions of the model, the input represent the raw data
content from specific dataset, and the output repre-
sents the expected output that follows the instruc-
tions. This process helps bridge the gap between
the next word prediction target of LLMs and the
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Figure 3: The framework diagram of the fine-tuning
gwen?2 classification LLM and model inference.

goal of users to have LLMs follow human instruc-
tions.

In this toxic behavioral intent classification task
in gaming chat logs, we will use the Qwen2-1.5B-
Instruct and Qwen2-7B-Instruct model to perform
instruction fine-tuning tasks on the dataset, while
using SwanLab 3 for monitoring and visualization.
The following presents three demonstration format-
ted data samples for fine-tuning LLLM data in the
train dataset. Our training task is to ensure that the
fine-tuned large language model (LLM) can pre-
dict the correct output based on the prompt words
composed of text and selectable types.

The complete process of fine-tuning the Qwen2
large language model (LLM) using the train dataset
and conducting model inference on validation or
test dataset with the fine-tuned large language
model (LLM), as shown in Figure 3.

5 Results and Analysis

For results obtained by our fine-tuning pre-trained
models and fine-tuning Qwen2 LLM methods on
the validation dataset and test dataset are shown
in Table 3 and Table 4 respectively. roberta-RNN
indicates the addition of a layer of recurrent neural
network (RNN) after FacebookAl/roberta-large-
mnli model, which is the LSTM layer. roberta-cnn
indicates adding a convolutional neural network
(CNN) layer after FacebookAl/roberta-large-mnli,
which is the Conv2d layer. bagging refers to the
model ensemble decision-making method that em-
ploys hard voting mechanism in the four models:
roberta, roberta-RNN, simcse-roberta-1stm, roberta-
Istm-gru.

3https://swanlab.cn



Table 3: The results obtained by our fine-tuning pre-
trained models and fine-tuning Qwen2 LLM methods
for toxic behavioral intent classification task on the vali-
dation dataset.

Pre-trained Model Recall (Macro) | Precision (Macro) | F1 (Macro) | Accuracy
albert/albert-base-v2 0.3416 0.3578 0.348 0.8897
20ogle-bert/bert-basc-uncased 04118 0.4386 04212 08975
nghuyong/ernic-2.0-Targe-en 0.357 03737 03638 0.9005
FacebookAl/roberta-large-mnli 0.3997 0.4355 0.4131 0.9001
can coder-bi-s berta-large 0.3593 0.4522 0.3702 0.8985
roberta-RNN 03624 0.3704 0.366 08999
roberta-cnn 03502 0.368% 03584 08975
roberta-Istm-gru 0.3605 0.3638 0.3619 0.8985
simese-roberta-lstm 0.4047 0.4771 0.4236 0.8985
bagging 03562 0.3745 03639 09018

Large Language Model Recall (Macro) | Precision (Macro) | FI (Macro) | Accuracy

qwen2_1.5B - B B -
qwen2_7B

Table 4: The results obtained by our fine-tuning pre-
trained models and fine-tuning Qwen2 LLM methods
for toxic behavioral intent classification task on the test

set.
Pre-trained Model Recall (Macro) | Precision (Macro) | F1 (Macro) | Accuracy
albert/albert-base-v2 0.3441 0.3722 0.3553 0.8973
200gle-bert/bert-basc-uncased 04109 0.4365 04205 08928
nghuyong/ernic-2.0-large-en 03454 0.3634 03533 0.899
FacebookAl/roberta-large-mnli 0.3853 0.4233 0.3992 0.9014
cam coder-bi-s berta-large 0.3596 0.5416 0.3785 0.9025
roberta-RNN 03547 0.3685 03609 0.9003
roberta-cnn 03496 0.3699 03587 0.9005
roberta-Istm-gru 0.3548 0.3624 0.3584 0.8997
simese-roberta-lstm 0.4 0.4761 0.4234 0.9031
bagging 0.358 0.5924 0372 09038
Large Language Model Recall (Macro) | Precision (Macro) | FI1 (Macro) | Accuracy
qwen2_1.5B 0.4429 0.4646 0.4525 0.9057
qwen2_7B 0.5343 0.6847 0.5776 0.9075

6 Discussion

For shared task on Understanding Toxic Behavioral
Intent in Gaming Chat Logs @EEUCA with ACL
2026, we referred to the relevant tasks of CASE
2025 (Hurriyetoglu et al., 2025), CASE 2024
(Thapa et al., 2024) and CASE 2023 (Thapa et al.,
2023) shared tasks on multimodal hate speech de-
tection and derived our own method. Although the
effect of the experiment needs to be strengthened.
However, these contents and ideas have given us a
lot of inspiration. Toxic behavioral intent content
analysis is a longstanding tradition of the EEUCA
workshop series. We believe that with our further
research and more detailed optimization on training
of the model, we will achieve even greater success
in future competitions.

7 Conclusion

We employed multiple methods in detection of
toxic behavioral intent in gaming chat logs, which
respectively involved the transformer pre-trained
models and Qwen2 LLM. Our final leaderboard is
shown in the Table 5. The best result of this task
was achieved by fine-tuning the Qwen2_7B large
language model (LLM) and conducting inference
on the test set.
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Table 5: The final leaderboard of shared task on Un-
derstanding Toxic Behavioral Intent in Gaming Chat
Logs@EEUCA with ACL 2026.

# [ Username Recall (Macro) [ Precision (Macro) [ FI (Macro) | Accuracy
T [ syuhhh-637901 0.7986 0.64 0.7041 0.8982
2| ramihai-572801 0.6846 0.6636 0.6725 0.8992
3 | anmolguragain-637916 | 0.6601 0.6334 0.6441 0.9062
4 | srikarkashyap-635409 | 0.6814 0.5864 0.6234 0.88
5 | akshyatshah-636282 0.6497 0.6047 0.6186 0.8902
6 | yinloonkhor-636292 0.5946 0.6098 05932 0.8925
7 | shrinep-637207 0.659 0.554 0.5883 0.9031
8 | wangkongqiang-504685 | 0.5343 0.6847 05776 0.9075
9 | dkhonker-536426 05815 0.6214 05749 0.8865
10 0.5754 0.5652 05632 0.8733
11 | akking-609884 0.6002 0.5239 05563 0.8876
12 estha-503743 | 0.5557 0.5599 05539 0.8932
13 7149 0.6476 0.5201 05512 0.893
14 | merrli-510969 0.6137 0.4798 05302 0.8603
15 | xiaotian-518453 0.5291 0.5402 0.5301 0.8969
16 0.5328 0.5441 05281 0.8772
17 0.5221 0.5192 05192 0.8893
18 05134 05191 05104 0.8716
19 | xiaoyu666-603164 0.4884 0.5156 0.4984 0.8951
20 | havnis-610798 0.5083 0.4766 04895 0.8794
0.4895 0.5081 04878 0.8964
0.4774 0.5001 04869 0.8999
0.4732 0.4962 04774 0.8953
2 0.5071 0.4487 04737 0.8973
25 | barkion-610469 0.5002 04538 04726 0.8781
26 | mestecha-623302 0.495 0.4763 04686 0.8927
27 | binayakkarki-589485 0.4688 0.4647 0.4645 0.8921
28 | syhhh-610772 0.5659 0.4198 04641 0.7792
29 | exterio-610602 0.5084 0.4205 0.4491 0.8443
30 | zmin123-554678 0.4568 0.4646 0.4487 0.8506
31 | aryankafle-524077 0.4373 0.449 0.4421 0.8962
32 | liutianyong-605718 0.4219 0.4701 04413 0.9036
33 | quasar-501127 0.5357 0.3943 04169 0.6471
34 rud12-511289 | 0.6432 03315 03783 0.7068
35 520996 0.1653 0.1629 0.1558 0.7784

8 Limitations of the Work

we are interested in learning about LLMs in com-
putational social science (Thapa et al., 2025), our
paper mainly focuses on making discussions on
player’s utterance for this toxic behavioral intent
classification task. This is because we are quite
interested in and good at identifying hate and of-
fense categories in the text (Parihar et al., 2021).
Due to our lack of utilization of context features,
we are unable to make good use of the utterance
content in the train dataset of this sharing task. we
have chosen the 7B version of Qwen2 due to the
limited computing resources. If we could use a
larger language model with more parameters, we
would achieve better prediction results. These are
all our future tasks.

Acknowledgments

We are very grateful to the organizers of the Shared
Task on Understanding Toxic Behavioral Intent
in Gaming Chat Logs @ EEUCA with ACL 2026
(Hiirriyetoglu et al., 2026) and the School of Infor-
mation Science and Engineering of Yunnan Uni-
versity for providing the experimental environment
and equipment.

References

Aashish Bhandari, Siddhant B Shah, Surendrabikram
Thapa, Usman Naseem, and Mehwish Nasim. 2023.
Crisishatemm: Multimodal analysis of directed and
undirected hate speech in text-embedded images
from russia-ukraine conflict. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 1994-2003.



Jeremy Blackburn and Haewoon Kwak. 2014. Stfu
noob! predicting crowdsourced decisions on toxic
behavior in online games. In Proceedings of the 23rd
international conference on World wide web, page
877-888.

Antigoni Founta, Constantinos Djouvas, Despoina
Chatzakou, Ilias Leontiadis, Jeremy Blackburn, Gi-
anluca Stringhini, Athena Vakali, Michael Sirivianos,
and Nicolas Kourtellis. 2018. Large scale crowd-
sourcing and characterization of twitter abusive be-
havior. Proceedings of the International AAAI Con-
ference on Web and Social Media, 12(1).

Ali Hurriyetoglu, Surendrabikram Thapa, Hristo Tanev,
and Surabhi Adhikari. 2025. Findings and insights
from the 8th workshop on challenges and applications
of automated extraction of socio-political events from
text. In Proceedings of the 8th Workshop on Chal-
lenges and Applications of Automated Extraction of
Socio-political Events from Texts, pages 1-5, Varna,
Bulgaria. INCOMA Ltd., Shoumen, Bulgaria.

Ali Hiirriyetoglu, Surendrabikram Thapa, Hristo Tanev,
Laxmi Thapa, and Surabhi Adhikari. 2026. Overview
of the workshop on event extraction and understand-
ing: Challenges and applications. In Proceedings of
the 9th Workshop on Event Extraction and Under-
standing: Challenges and Applications (EEUCA).

Binny Mathew, Punyajoy Saha, Seid Muhie Yimam,
Chris Biemann, Pawan Goyal, and Animesh Mukher-
jee. 2020. Hatexplain: A benchmark dataset for ex-
plainable hate speech detection. In AAAI Conference
on Artificial Intelligence.

Marcus Mirtens, Siqi Shen, Alexandru Iosup, and Fer
nando Kuipers. 2015. Toxicity detection in multi-
player online games. In 2015 International Work-
shop on Network and Systems Support for Games
(NetGames), page 1-6. IEEE.

Usman Naseem, Shuvam Shiwakoti, Siddhant Bikram
Shah, Surendrabikram Thapa, and Qi Zhang. 2025.
Gametox: A comprehensive dataset and analysis for
enhanced toxicity detection in online gaming commu-
nities. In Proceedings of the 2025 Conference of the
Nations of the Americas Chapter of the Association
for Computational Linguistics: Human Language
Technologies (Volume 2: Short Papers), pages 440—
447.

Mustafa Oz, Akan Yanik, and Mikail Batu. 2023. Under
the shadow of culture and politics: Understanding
Igbtq social media activists’ perceptions, concerns,
and strategies. Social Media + Society, 9(3).

Anil Singh Parihar, Surendrabikram Thapa, and Sushruti
Mishra. 2021. Hate speech detection using natural
language processing: Applications and challenges.
In 2021 5th International Conference on Trends in
Electronics and Informatics (ICOEI), pages 1302—
1308. IEEE.

110

Jing Qian, Anna Bethke, Yinyin Liu, Elizabeth Belding,
and William Yang Wang. 2019. A benchmark dataset
for learning to intervene in online hate speech.

Semiu Salawu, Jo Lumsden, and Yulan He. 2021. A
large-scale English multi-label Twitter dataset for cy-
berbullying and online abuse detection. In Proceed-
ings of the 5th Workshop on Online Abuse and Harms
(WOAH 2021), pages 146—156, Online. Association
for Computational Linguistics.

Wessel Stoop, Florian Kunneman, Antal van den Bosch,
and Ben Miller. 2019. Detecting harassment in real-
time as conversations develop. In Proceedings of the
Third Workshop on Abusive Language Online, pages
19-24.

Surendrabikram Thapa, Farhan Ahmad Jafri, Ali
Hiirriyetoglu, Francielle Vargas, Roy Ka Wei Lee,
and Usman Naseem. 2023. Multimodal hate speech
event detection-shared task 4. In CASE 2023-
Proceedings of the 6th Workshop on Challenges
and Applications of Automated Extraction of Socio-
Political Events from Text, associated with 14th Inter-
national Conference on Recent Advances in Natural
Language Processing, RANLP 2023, pages 151-159.
Association for Computational Linguistics.

Surendrabikram Thapa, Kritesh Rauniyar, Farhan Ah-
mad Jafri, Hariram Veeramani, Raghav Jain, Sandesh
Jain, Francielle Vargas, Ali Hiirriyetoglu, and Usman
Naseem. 2024. Extended multimodal hate speech
event detection during russia-ukraine crisis-shared
task at case 2024. In 7th Workshop on Challenges
and Applications of Automated Extraction of Socio-
Political Events from Text, CASE 2024, pages 221—
228. Association for Computational Linguistics.

Surendrabikram Thapa, Shuvam Shiwakoti, Sid-
dhant Bikram Shah, Surabhi Adhikari, Hariram
Veeramani, Mehwish Nasim, and Usman Naseem.
2025. Large language models (Ilm) in computa-
tional social science: prospects, current state, and
challenges. Social Network Analysis and Mining,
15(1):1-30.

Surendrabikram Thapa, Shuvam Shiwakoti, Sid-
dhant Bikram Shah, Kritesh Rauniyar, Laxmi
Thapa, Surabhi Adhikari, Kristina T. Johnson, Ali
Hiirriyetoglu, Hristo Tanev, and Usman Naseem.
2026. Understanding toxic behavior in gaming com-
munities using ai to promote healthier digital spaces.
In Proceedings of the 9th Workshop on Event Extrac-
tion and Understanding: Challenges and Applica-
tions (EEUCA).

Thilini Wijesiriwardene, Hale Inan, Ugur Kursuncu,
Manas Gaur, Valerie L. Shalin, Krishnaprasad
Thirunarayan, Amit Sheth, and I. Budak Arpinar.
2020. Alone: A dataset for toxic behavior among
adolescents on twitter. In Social Informatics, pages
427-439, Cham. Springer International Publishing.

Marcos Zampieri, Shervin Malmasi, Preslav Nakov,
Sara Rosenthal, Noura Farra, and Ritesh Kumar.


https://doi.org/10.1609/icwsm.v12i1.14991
https://doi.org/10.1609/icwsm.v12i1.14991
https://doi.org/10.1609/icwsm.v12i1.14991
https://aclanthology.org/2025.case-1.1/
https://aclanthology.org/2025.case-1.1/
https://aclanthology.org/2025.case-1.1/
https://aclanthology.org/2025.case-1.1/
https://api.semanticscholar.org/CorpusID:229332119
https://api.semanticscholar.org/CorpusID:229332119
http://arxiv.org/abs/1909.04251
http://arxiv.org/abs/1909.04251
https://doi.org/10.18653/v1/2021.woah-1.16
https://doi.org/10.18653/v1/2021.woah-1.16
https://doi.org/10.18653/v1/2021.woah-1.16

2019. Predicting the type and target of offensive
posts in social media.

111


http://arxiv.org/abs/1902.09666
http://arxiv.org/abs/1902.09666

wangkongqiang @ EEUCA 2026: Multimodal Identification of Vaccine
Critical Content on Social Media

Kongqiang Wang
School of Information Science
and Engineering, Yunnan University,
Yunnan Baiyao Street, 650500,
Kunming, Yunnan, China.

wangkonggiang60@gmail.com

Abstract

Our team was interested in content classifica-
tion and labeling from multimodal meme detec-
tion of vaccine critical content on social media.
We joined the shared task on Multimodal Iden-
tification of Vaccine Critical Content on Social
Media@EEUCA with ACL 2026. In this task,
our goal is to assign a content classification la-
bel to vaccine-related discourse (e.g., Vaccine
critical, Neutral, Pro-vaccine). The objective
is to develop systems that can classify the in-
tent of a vaccine-related meme. The dataset for
this task will have three labels: Vaccine critical
(0), Neutral (1), and Pro-vaccine (2). The per-
formance will be ranked by F1-score (Macro).
This shared task is based on the VaxMeme
dataset, a collection of over 10,000 manually
annotated vaccination-related memes, designed
to support multimodal vaccine-critical meme
detection. Our group used a supervised learn-
ing method on finetuning pre-trained models
and Large Language Model (LLM), including
Qwen2 LLMs and Llama series LLMs based
on Llama-Factory. The best result on the test
set for shared task were Macro F1 score of
0.8153, Accuracy 0.8185, Precision (Macro)
0.8151, and Recall (Macro) 0.8159 from fine-
tuning qwen2_1.5B LLM method, ranking 12th
among all teams. The complete code of this
entire project can be found at our GitHub ad-
dress’.

1 Introduction

First of all, let’s introduce the overview of shared
task on Multimodal Identification of Vaccine Criti-
cal Content on Social Media@EEUCA with ACL
2026 (Thapa et al., 2026b). Memes have become
a powerful and fast-spreading medium for shar-
ing information online, especially around high-
impact public health issues such as COVID-19
'https://github.com/WangKongQiang/
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vaccination. While memes can be used to pro-
mote awareness and positive behavior, they are also
frequently used to spread misinformation (Thapa
et al., 2026a), skepticism (Thapa et al., 2024b),
and vaccine-critical narratives, often through sar-
casm and implicit context that make automated
analysis challenging. In this context, the distinc-
tion between vaccine critical and pro-vaccine be-
comes blurred, as vaccination-related images strad-
dle the line between satire and offense, challeng-
ing researchers and platforms alike to navigate the
complexities of memes content moderation. As one
label generally fails to encompass multiple aspects
of linguistics, this shared task classifies memes on
three aspects: Vaccine critical (0), Neutral (1), and
Pro-vaccine (2).

This shared task is based on the VaxMeme dataset
(Naseem et al., 2023), a collection of over 10,000
manually annotated vaccination-related memes,
designed to support multimodal vaccine-critical
meme detection. The task invites participants to
develop models that jointly leverage both visual
and textual representations to capture the global
and local contextual cues embedded in memes. By
focusing on fine-grained multimodal understand-
ing, this challenge aims to advance more reliable
systems for monitoring vaccine-related discourse,
supporting myth debunking efforts, and informing
the design of effective public health communica-
tion strategies on social media platforms.

2 Background

2.1 Content Detection for Vaccine Critical
Posts

Majority of research (Wang et al., 2020) on iden-
tifying vaccine critical posts on social media has
mainly focused on textual content. (Zhang et al.,
2020) presented three models for analysing pub-
lic sentiment on HPV vaccines on Twitter using
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transfer learning. They fine-tuned bidirectional en-
coder representations from Transformers (BERT)
(Devlin et al., 2019), and their results demonstrated
the effectiveness of the proposed framework, which
also aided in the discovery of vaccine uptake strate-
gies. Recently, (Naseem et al., 2021) categorised
vaccine-related tweeter posts using word repre-
sentation from the domain-specific context with
common knowledge and sentiment data. Their
proposed method outperformed several traditional
and recent transformer-based pre-trained language
models. Previously published architectures, how-
ever, only focus on local semantic word represen-
tations using a sliding window for textual content.
However, long-range and non-consecutive seman-
tic links among feature representation words are
required to capture global characteristics. We ad-
dress this limitation by using a graph-based method
to capture both local and global features of textual
content.

Previously research has examined the use of
multimodal content for detecting hateful memes
(Lee et al., 2021), misleading information (Volkova
et al., 2019), antisemitism (Chandra et al., 2021),
and fake news detection (Wang et al., 2018). Exper-
iments conducted using unimodal and multimodal
in previous studies showed that understanding both
modalities is essential for detection. Limited re-
search has explored multimodal data to identify
vaccine critical memes on social media. Recently,
(Wang et al., 2020) created a multimodal dataset
from Instagram posts and presented a multimodal
framework with semantic and task-level attention
to identifying vaccine critical information on social
media. In contrast, our work jointly learns global
and local representations of the textual and visual
content of memes, which provide complementary
information to improve the identification of vaccine
critical memes on Twitter. We suggest that releas-
ing a robustly annotated dataset to the community
will support further advances and benchmarking of
methods in this space.

2.2 Vaccine and Multimodal Datasets

Social media is a valuable source of informa-
tion and has been widely used for various tasks
like health mention classification (Naseem et al.,
2022c), identifying suicide (Naseem et al., 2022b)
and depression (Naseem et al., 2022a) and others.
Systematic reviews show the wide range of appli-
cations for classifying user-generated content for
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vaccine hesitancy on social media, such as infec-
tious diseases and outbreaks such as human papillo-
mavirus, measles Influenza, mining misinformation
mining.

Only two multimodal datasets are used in the
previous studies to identify vaccine critical infor-
mation on social media. The first of them was
presented by (Wang et al., 2020), where authors
used Instagram posts with text and visual content
collected from January 2016 to October 2019 to
identify vaccine critical information on Instagram
posts. MMCoVaR (Chen et al., 2021), a multi-
modal COVID-19 vaccine focused data repository
is the second dataset. MMCoVaR comprises 2,593
articles and 24,184 tweets from February 2020 to
March 2021 and is limited to only COVID vac-
cine related posts. Both mentioned datasets are not
publicly available, whereas we make our dataset
publicly available for further research.

3 Dataset

In this section, we describe various aspects of task
dataset including data collection, meme annota-
tion, and dataset statistics. Task dataset comprises
10,244 memes that encompass different intent con-
tent relevant to the vaccination.

3.1 Utterance Annotation

Each meme was labeled to one of 3 labels: Vaccine
critical (0), Neutral (1), and Pro-vaccine (3). Neu-
tral if meme was not concept of vaccination. meme
annotation for each label are mentioned below.

Vaccine critical: A meme (text or image or both)
criticises vaccines, contains vaccine misinforma-
tion about vaccine side effects, vaccine conspiracy
theories, and cases or statistical conclusions against
vaccines.

Neutral: A meme (text or image or both) reports
the events or others’ opinions objectively related to
vaccines, such as talking about rights of people re-
lated to vaccines, or news or statistical charts about
vaccines showing no content in favor or against
vaccines.

Pro-vaccine: A meme (text or image or both)
contains a content in favor of vaccines, advising
people to get vaccinated, a content about any event
or place that is open only for vaccinated people
or promoting and selling products with slogans in
favor of vaccines.



Table 1: Dataset statistics for VaxMeme. The data con-
sists of 10,244 samples for the multimodal identification
task of vaccine critical memes on Twitter.

Data
Full
Timeline
Tl
T2
T3

Number of Pro-Vaccine Number of Vaccine critical Number of Neutral Total
3983 3441 2820 10244

Number of Pro-Vaccine Number of Vaccine critical Number of Neutral Total
452 1679 1027 3158
1040 747 1062 2849
2491 1015 731 4237

October 2020

February 2021 March 2021 Aprii2021

Figure 1: Timelines of the general vaccine critical
memes gradually shifted in intention label.

3.2 Dataset Statistics

Table 1 (Upper) provides the class distribution of
intent across the 10,244 English memes, and Table
1 (Down) provides the different timelines dividing
distribution across all memes. Most memes are
Pro-Vaccine or Vaccine critical in nature and a ap-
proximately data balance is present. However, this
is in line with real world data distributions, where
different people have different views on getting
vaccinated. Figure 1 illustrates the timelines for
vaccine critical memes.

4 System Overview

4.1 Fine-tuning Pre-trained Models

Introduction. In recent years, with the rapid de-
velopment of deep learning technology, large-scale
pre-trained models have achieved remarkable re-
sults in fields such as natural language process-
ing, computer vision, and multimodal learning.
Compared with traditional models trained from
scratch, pre-trained models can learn rich seman-
tic representations and general knowledge by pre-
training on large-scale general corpora, thereby
significantly improving the performance and train-
ing efficiency of downstream tasks. However, the
knowledge learned by pre-trained models on gen-
eral corpora often has strong generalization, while
specific tasks usually have obvious domain charac-
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teristics. Therefore, directly applying pre-trained
models to downstream tasks often fails to achieve
the best results. To solve this problem, researchers
usually adopt the fine-tuning strategy, that is, fur-
ther optimize the model parameters using the data
of specific tasks on the basis of the pre-trained
model, so that it can better adapt to the target task.
In this study, to enhance the model’s performance
in the task of vaccine critical content analysis on
social media, a pre-trained language model was
adopted as the base model and fine-tuned in combi-
nation with specific task data (VaxMeme dataset),
enabling the model to effectively learn the seman-
tic relationship between vaccination-related meme
expressions and their underlying intents.

The classifier in the pre-trained model uses a
transformer based classifier. The specific pre-
trained models of the classifier are shown in the
Table 2.

Table 2: pre-trained model classifier structure for vac-
cine critical content classification.

Model
alber/albert-base-v2
‘google-bert/bert-base-uncased
nghuyong/ernie-2.0-large-en
nghuyong/ernie-1.0-base-zh
FacebookAl/roberta-large-mnli
cambridgeltl/trans-encoder-bi-simcse-roberta

Batch Size
4

Num Epochs
5

Learning Rate
2e-5
2e-5
le-5
le-5
2e-5
le-5

ISESESESES
|| w|u|vn

large

The Principle of Fine-tuning Pre-trained
Models. Pre-trained models typically use large-
scale corpora for self-supervised learning, such
as tasks like language model prediction, masked
language modeling, or autoregressive modeling,
thereby learning common language representations.
After pre-training, the model parameters already
contain a large amount of language knowledge and
semantic information. Therefore, in downstream
tasks, only a small amount of labeled data is needed
to achieve good performance.

The basic idea of fine-tuning is to introduce su-
pervisory signals from downstream tasks on the ba-
sis of the parameters of the pre-trained model and
further optimize the model parameters through the
gradient descent algorithm. Let the parameters of
the pre-trained model be 6, Given the downstream
task training dataset D = (z;, yi)f\il, Where z;
represents the input text and y; represents the cor-
responding label, then the model training objective
can be expressed as:

N

PAVACTHARTY

i=1

1

N ey

Here, f(-) represents the model prediction func-



tion, and /(-) is the loss function (such as cross-
entropy loss). By minimizing this loss function,
the model can gradually adapt to the data distri-
bution of a specific task, thereby enhancing the
prediction performance.

In practical applications, fine-tuning typically
includes the following two methods:

¢ Full Fine-tuning: Update all the parameters
of the pre-trained model to enable it to fully
adapt to the target task.

* Parameter-efficient Fine-tuning: Only up-
date some parameters or introduce additional
lightweight modules to reduce training costs,
such as Adapter, LoRA and other methods.

In this study, based on the characteristics of the task
and the availability of computing resources, the
pre-trained model was trained using a parameter-
efficient fine-tuning strategy.

Input Data Construction. First of all, the origi-
nal data needs to be converted into an input format
that the model can handle. For text tasks, the fol-
lowing steps are usually required:

» Text Cleaning and Preprocessing: Remove
irrelevant symbols or abnormal characters;

* Word Segmentation and Encoding: Use the
tokenizer corresponding to the pre-trained
model to convert the text into a token se-
quence;

Input Sequence Construction: Ultimately, the
input text will be represented as a sequence of
token ids and input into the pre-trained model
for feature encoding.

Task Structure Design. During the fine-tuning
process, it is necessary to design the correspond-
ing prediction structure based on the specific task.
For instance, in the task of vaccine critical memes
intent analysis on social media, the model needs
to simultaneously identify vaccination-related dis-
course intent categories as well as the correspond-
ing memes content information. Therefore, a
model is usually composed of the following parts:

* Pre-trained Encoding Layer: Used for extract-
ing semantic representations of text;

* Task-specific Layer: For example, the classifi-
cation layer or the sequence labeling layer;

115

Data
Preparation

Model
Evaluation

Training &
Optimization

reprocessed Da
E_=
Training Set
< EIOR
Validation Set
B == Pre-trained Model
Test Set

|+ Learning Rate Adjustment Performance Metrics
|~ Gradient Descent

+ Early Stopping Test Results

Figure 2: The framework diagram of the fine-tuning
pre-trained classification model.

* Output Layer: Generate the final prediction
result.

By adding task-related structures at the top of
the pre-trained model, the model’s adaptability to
specific tasks can be effectively enhanced.

The overall architecture diagram of the fine-
tuing pre-trained model is shown in the Figure 2.

Design of Loss Function. During the training
process, it is necessary to select an appropriate loss
function based on the type of task. For classifica-
tion tasks, the cross-entropy loss function is usually
adopted.

c
L=- yilog(p:) )
i=1
Here, C represents the number of categories, y;
is the true label, and p; is the model prediction
probability. By minimizing the loss function, the
consistency between the model’s prediction results
and the true labels can be gradually improved.

4.2

The hard voting mechanism is a common model
fusion strategy in ensemble learning, mainly used
for classification tasks. Its basic idea is: multiple
base learners make predictions on the same sample
respectively, and then determine the final prediction
category through majority voting.

The Principle of Hard Voting Mechanism. As-
sume that the ensemble model consists of M base
classifiers: hi(x), ho(x), ..., hy(x), where h;(z)
denotes the prediction of the i-th classifier for input
sample x. The final prediction of the hard voting
ensemble is determined by majority voting:

Hard Voting Mechanism

M

) = I(h;
(] argrggiil (hi(z)

c) 3)



where C represents the set of all possible classes
and I(-) is an indicator function defined as:

if h;(x) =
i) =g
otherwise

In a weighted hard voting scheme, each classifier is
assigned a weight w;, and the final prediction can
be written as:

In our experiment, the weights of each classifier
were the same.

4.3 Fine-tuning of the Qwen2 and Llama
series Large Language Model (LLM)

Qwen2 is an open-source large language model
(LLM) developed by the Tongyi Qianwen team and
created by Alibaba Cloud’s Tongyi Lab. Using
Qwen?2 as the base large language model (LLM)
and achieving high-accuracy text classification
through instruction fine-tuning is an introductory
task for learning the fine-tuning of large language
models (LLMs). The Llama-2 7B (Touvron et al.,
2023b) model approximately 7 billion parameters
in an open-source large language model (LLM) re-
leased by Meta in 2023, belongs to a typical Trans-
former decoder architecture. Parameter scale is
approximately 7B; Context length is approximately
4K tokens; Architecture is Standard Transformer
+ Multi-Head Attention (MHA). Features: Mature
structure and stable reasoning; Suitable for deploy-
ment in resource-constrained environments; It is
mostly used for basic NLP tasks and lightweight
applications. The Llama-3 8B (Grattafiori et al.,
2024) model of is a new generation version re-
leased in 2024, featuring significant upgrades in
both architecture and training data. Parameter scale
is approximately 8B; Context length is approxi-
mately 8K tokens (longer context); Architecture
improvement based on enhance efficiency by using
Grouped Query Attention (GQA); Tokenizer based
on word list from 32K to 128K (stronger expressive
power); The training data scale has significantly ex-
panded (about 7 times).

Instruction fine-tuning is a process of further
training an LL.Ms on a dataset composed of (in-
struction, input, output) combine pairs. Among
them, the instructions represent the human instruc-
tions of the model, the input represent the raw data
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content from specific dataset, and the output repre-
sents the expected output that follows the instruc-
tions. This process helps bridge the gap between
the next word prediction target of LLMs and the
goal of users to have LL.Ms follow human instruc-
tions.

In this vaccine-related behavioral intent clas-
sification task on social media, we will use the
Qwen2-1.5B-Instruct > and Qwen2-7B-Instruct 3
model to perform instruction fine-tuning tasks on
the dataset, while using SwanLab * for monitoring
and visualization. Llama3-8B, while maintaining
a lightweight scale, has achieved a significant per-
formance improvement over Llama2-7B through
a larger vocabulary, longer context window, and
GQA attention mechanism, making it a strong com-
petitor among current open-source small-parameter
models. The fine-tuning of the Llama series mod-
els (Touvron et al., 2023a) is mainly carried out
using the Llama-Factory tool °. The following
presents three demonstration formatted data sam-
ples for fine-tuning LLLM data in the train dataset.
Our training task is to ensure that the fine-tuned
large language model (LLM) can predict the cor-
rect output based on the prompt words composed
of post_text, image_text and selectable types.

The complete process of fine-tuning the Qwen2
and Llama series large language model (LLM) us-
ing the train dataset and conducting model infer-
ence on validation or test dataset with the fine-tuned
large language model (LLM), as shown in Figure
3.

5 Results and Analysis

For results obtained by our fine-tuning pre-trained
models and fine-tuning Qwen2 or Llama series
LLM methods on the train dataset, and imple-
ment model inference on validation dataset and
test dataset are shown in Table 3 and Table 4 re-
spectively. roberta-RNN indicates the addition
of a layer of recurrent neural network (RNN) af-
ter FacebookAl/roberta-large-mnli model, which
is the LSTM layer. roberta-cnn indicates adding
a convolutional neural network (CNN) layer af-
ter FacebookAl/roberta-large-mnli, which is the
Conv2d layer. bagging refers to the model ensem-
ble decision-making method that employs hard vot-

Zhttps://huggingface.co/Qwen/Qwen2-1.5B-Instruct
3https://huggingface.co/Qwen/Qwen2-7B-Instruct
“https://swanlab.cn

3GitHub: https://github.com/hiyouga/LlamaFactory
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Figure 3: The framework diagram of the fine-tuning
gwen?2 and Llama series classification LLM and model
inference.

ing mechanism in the four models: roberta, roberta-
RNN, simcse-roberta-1stm, roberta-lstm-gru.

Table 3: The results obtained by our fine-tuning pre-
trained models and fine-tuning Qwen2 or Llama series
LLM methods for vaccine-related discourse intent clas-
sification task on the validation dataset.

Pre-trained Model
albert/albert-base-v2
Zoogle-bert/bert-base-uncased
nghuyong/ernic-2.0-large-en
nghuyong/ernic-1.0-base-zh
Facebook Al/roberta-large-mnli

Gerbi b

Recall (Macro) | Precision (Macro) | F1 (Macro) | Accuracy

Tar,
&

roberta-RNN

roberta-cnn
roberta-Istm-gru
simese-roberta-Istm
bagging
Large Language Model

qwen2_1.5B
qwen2 7B
Llama2_ 7B
Llama3_8B

Accuracy
0.7969

F1 (Macro)
0.7943

Precision (Macro)
0.7948

Recall (Macro)
0.7945

Table 4: The results obtained by our fine-tuning pre-
trained models and fine-tuning Qwen2 or Llama series
LLM methods for vaccine-related discourse intent clas-
sification task on the test set.

Model Recall (Macro) | Precision (Macro) | F1 (Macro) | Accuracy
albert/albert-base-v2 0.7618 0.7916 0.7611 0.76
google-bert/bert-base-uncased 0.763 0.7734 0.7649 0.7727
nghuyong/ernie-2.0-large-en 0.7918 0.8016 0.7915 0.7941
nghuyong/ernie-1.0-base-zh 0.756 0.7652 0.7552 0.76
FacebookAl/roberta-large-mnli 0.8029 0.808 0.8025 0.8049
cambr coder-bi. berta-larg 0.7933 0.7986 0.7935 0.7971
roberta-RNN 0.7985 0.8019 0.7971 0.799
roberta-cnn 0.7982 0.8 0.7988 0.8049
roberta-Istm-gru 0.7945 0.8076 0.7928 0.7922
simcse-roberta-Istm 0.804 0.8047 0.8036 0.8078
bagging 0.804 0.809 0.8025 0.8039
Large Language Model Recall (Macro) | Precision (Macro) | F1 (Macro) | Accuracy
qwen2_1.5B 0.8159 0.8151 0.8153 0.8185
qwen2_7B 0.8135 0.815 0.8134 0.8166
Llama2_ 7B 0.8006 0.8026 0.7998 0.8029
Llama3_8B 0.8051 0.8044 0.8046 0.8098

6 Discussion

It is highly unusual that Qwen2-1.5B outper-
formed Llama-3-8B. A plausible explanation for
this anomaly is that the 8B model may have been
more sensitive to hyperparameter settings, such as
learning rate or regularization, leading to subopti-
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mal fine-tuning or mild overfitting on the training
data. In contrast, the smaller 1.5B model could
have benefited from better generalization under the
same setup. Additionally, differences in pretrain-
ing data quality and alignment strategies between
Qwen and Llama models may also have contributed
to the performance gap. For shared task on Mul-
timodal Identification of Vaccine Critical Content
on Social Media@EEUCA with ACL 2026, we
referred to the relevant tasks of CASE 2025 (Hur-
riyetoglu et al., 2025), CASE 2024 (Thapa et al.,
2024a) and CASE 2023 (Thapa et al., 2023) shared
tasks on multimodal hate speech detection and de-
rived our own method. Although the effect of the
experiment needs to be strengthened. However,
these contents and ideas have given us a lot of in-
spiration. Vaccine-related discourse intent content
analysis is a longstanding tradition of the EEUCA
workshop series. We believe that with our further
research and more detailed optimization on training
of the model, we will achieve even greater success
in future competitions.

7 Conclusion

We employed multiple methods in detection of
vaccine-related discourse behavioral intent on so-
cial media, which respectively involved the trans-
former pre-trained models and Qwen2 or Llama
series LLM. Our final leaderboard is shown in the
Table 5. The best result of this task was achieved by
fine-tuning the Qwen2_1.5B large language model
(LLM) and conducting inference on the test set.

Table 5: The final leaderboard of shared task on Mul-
timodal Identification of Vaccine Critical Content on
Social Media@EEUCA with ACL 2026.

# [ Username Recall (Macro) | Precision (Macro) | FI (Macro) | Accuracy
[T [ TiI12-637947 08517 08494 08494 | 08517
2 | wangxiuxian-637268 08409 0.8386 08389 0842
3 | rishta_19-611897 0.8359 0.8383 08357 0839
4 | _alexcristea-636983 0.8351 08338 03834 03838
5 | sumaiya_110-594217 0834 0.8345 08332 | 08361
6 | anchy-637928 0.8309 0.8309 08308 | 08341
7 | myname-637930 0.8309 0.8309 08308 | 08341
8 | quasar-637336 08324 08331 08306 | 08322
9 | wenbin-634065 08218 0.8205 08205 | 08244
10 | naturia_beast-636958 08209 08212 08201 08244
11| vinaybabu-637935 0819 08216 08184 | 08215
12 | wangkongqiang-495416 | 0.8159 08151 08153 | 08185
13 | ratpier-637076 08161 0817 03815 038176
14 | yjwongl999-494691 08141 08189 08122 | 08137
15 | linus-637363 08123 0.8106 08105 | 08137
16 | havnis-636808 0.8083 0.808 08067 | 08117
17 | alishba-wazir-604227 | 0.8071 08132 08067 | 08088
18 | zmin123-553584 0.8013 0.8005 07997 | 08039
19 | 1in123-637530 0.8007 07992 07994 | 0.8039
20 | barkion-636765 07986 0.808 07976 0799
21 | merrli-636903 07982 0.8058 (19) 07972 0799
22 | exterio-636705 07846 0.7964 07861 07912
23 | abs123-504332 07864 07868 07846 | 07912
24 | thatgrass-519137 07802 07858 07754 | 07844
25 | kannanrrk-615633 07437 07435 07436 | 07502

8 Limitations of the Work

we are interested in learning about LL.Ms in com-
putational social science (Thapa et al., 2025), our
paper mainly focuses on making discussions on



vaccine-related discourse for this meme behavioral
intent classification task. This is because we are
quite interested in and good at identifying hate
(Bhandari et al., 2023) and offense categories in
the text (Parihar et al., 2021). Due to our lack of
utilization of context features, we are unable to
make good use of the image content in the train
dataset of this sharing task. we have chosen the
7B version of Qwen2 due to the limited comput-
ing resources. If we could use a larger language
model with more parameters, we would achieve
better prediction results. These are all our future
tasks.
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Abstract

Vaccine stance detection in multimodal memes
has emerged as an important yet challenging
task, requiring models to interpret both textual
and visual cues that jointly convey opinions.
The difficulty lies in capturing subtle seman-
tic interactions and handling class imbalance
across stance categories. In this paper, we
present our system developed for the VaxMeme
2026 Shared Task at EEUCA 2026. Our ap-
proach leverages a soft-voting ensemble of
complementary models, combining DeBERTa-
v3-large and RoBERTa-large for rich textual
representation with CLIP (ViT-B/32) for joint
vision-language understanding. We incorpo-
rate domain-specific preprocessing, techniques
such as random token deletion, image enhance-
ment, and balanced class oversampling to ad-
dress dataset limitations. Through extensive ab-
lation studies, we identify balanced class over-
sampling as the most effective component, sig-
nificantly improving performance across mod-
els. Our final system achieves a macro F1-score
of 0.8306, securing 8th place among 25 teams,
demonstrating the effectiveness of ensemble-
based multimodal learning for stance detection.

1 Introduction

Vaccine hesitancy has emerged as a critical pub-
lic health challenge, with social media playing a
significant role in the spread of both pro-vaccine ad-
vocacy and vaccine misinformation (Sallam, 2021).
Among the many forms of health-related content
on social media, memes have proven particularly
influential: they combine image and text into a sin-
gle communicative act, exploiting sarcasm, irony,
and cultural reference to encode stances that nei-
ther modality alone reveals (Kiela et al., 2020).
The multimodal nature of memes makes automatic
stance detection substantially harder than text-only
misinformation detection, and has direct relevance
to public health (Thapa et al., 2024).

The VaxMeme 2026 Shared Task (Thapa et al.,
2026b), organised as part of the EEUCA 2026
workshop (Hiirriyetoglu et al., 2026), which fo-
cuses on event extraction and understanding chal-
lenges has introduced a benchmark for this prob-
lem. The task requires systems to classify English-
language vaccine memes from the VaxMeme
dataset (Naseem et al., 2023; Thapa et al., 2026a;
Bhandari et al., 2023) into three stance categories:
vaccine-critical, neutral, and pro-vaccine. With
8,195 memes and moderate class imbalance, the
dataset presents challenges for both model selec-
tion and training strategy.

To address this task, we have developed a mul-
timodal ensemble system. We have systemati-
cally evaluated text-only models (TF-IDF, BERT,
RoBERTa variants, DeBERTa variants), image-
only models (ResNet-50, ViT, Swin, ConvNeXt,
EfficientNet, CLIP Vision), and multimodal models
(CLIP, BLIP, LLaVA), applying domain-specific
text preprocessing, random token deletion augmen-
tation, image enhancement, and class balancing via
data augmentation. Our experiments show that bal-
ancing the dataset through augmentation is the sin-
gle most impactful intervention, boosting even sim-
ple TFE-IDF models by approximately 4.3 macro F1
points, while the specific choice of augmentation
strategy has minimal effect. Furthermore, CLIP
multimodal with image enhancement and balanced
training data outperforms all text-only models. Our
final soft-voting ensemble of DeBERTa-v3-large,
RoBERTa-large, and CLIP multimodal achieves
a macro F1 of 0.8306, placing us 8th out of 25
participating teams.

The main contributions of this work are:

* We have conducted a comprehensive compari-
son of text-only, image-only, and multimodal
architectures across multiple preprocessing
and augmentation configurations, providing a
systematic ablation of what helps for vaccine
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stance detection in memes.

* We have shown that addressing class imbal-
ance is the most impactful single intervention,
improving all model families substantially and
implicating class imbalance as a primary bot-
tleneck.

* We have shown that random token deletion
generally matches or slightly outperforms syn-
onym replacement as a text augmentation
strategy for the short, domain-specific vocab-
ulary of vaccine memes.

* We have developed a domain-adapted prepro-
cessing pipeline for meme text that deliber-
ately preserves stance-relevant informal sig-
nals such as emoji, hashtags, and repeated
characters.

Further implementation details will be available via
our code repository.'

2 Background

The VaxMeme 2026 Shared Task (Thapa et al.,
2026b) presents a three-class stance classification
problem: given a meme consisting of an image and
its OCR-extracted text overlay, a system must as-
sign one of three labels—vaccine-critical, neutral,
or pro-vaccine. For example, a meme showing a sy-
ringe with the caption “they want to inject you with
poison” would be labelled vaccine-critical, while
one showing a vaccination queue with “protecting
our community” would be pro-vaccine; a neutral
meme might present statistics without implicit en-
dorsement or criticism. Table 1 provides repre-
sentative examples of multimodal inputs and their
corresponding stance labels. The dataset (Naseem
et al., 2023; Thapa et al., 2026a; Bhandari et al.,
2023) contains 8,195 English-language social me-
dia memes with moderate class imbalance: pro-
vaccine (39.0%), vaccine-critical (30.9%), and neu-
tral (30.0%). For the official evaluation, 8,195
training samples, 1,024 validation samples (labels
released at the test phase), and 1,025 unlabeled
test samples are provided. In the development
phase we use a stratified split without access to
official validation labels: 5,736 train / 820 val /
1,639 test. The primary evaluation metric is macro
F1, which equally weights performance across all
three classes regardless of their frequency. We par-
ticipated in the single track of this shared task.

! GitHub Repository

The task is organised as part of the EEUCA 2026
workshop (Hiirriyetoglu et al., 2026), which fo-
cuses on event extraction and understanding chal-
lenges. Meme classification has been studied ex-
tensively in the context of hate speech (Kiela et al.,
2020), where multimodal models such as Visual-
BERT and UNITER demonstrated that jointly en-
coding image and text substantially outperforms
unimodal approaches. The CrisisHateMM dataset
(Bhandari et al., 2023) provides an annotation
schema for multimodal hate content in social me-
dia images, which informs the VaxMeme anno-
tation design. Vaccine misinformation detection
on text has received considerable attention (Jen-
nings et al., 2021; Hayawi et al., 2022; Thapa et al.,
2024), and the VaxMeme dataset (Naseem et al.,
2023; Thapa et al., 2026a) extends this line of
work to multimodal meme-level stance classifica-
tion. Thapa et al. (2025) survey the use of large
language models in computational social science,
providing broader context for NLP-based misinfor-
mation detection.

CLIP (Radford et al., 2021) and BLIP (Li et al.,
2022) provide state-of-the-art joint vision-language
pretraining suitable for multimodal meme under-
standing. DeBERTa (He et al., 2021) introduces
disentangled attention that separately encodes con-
tent and positional representations, yielding strong
results on social media text. Prior ensemble work
on social media classification (Cai et al., 2019)
confirms that combining diverse model families
reliably outperforms any single model.

3 System Overview

Figure 1 illustrates the overall system pipeline.
Each meme is processed through parallel text and
image pipelines. These pipelines perform prepro-
cessing and optional data augmentation before ex-
tracting features using their respective models. The
extracted features are then fed into three different
model families, and their output probability distri-
butions are combined via soft voting to produce the
final predictions. Figure 2 shows the detailed ar-
chitecture of the final ensemble, highlighting how
features from different models are integrated to
improve classification performance.

3.1 Preprocessing

Meme text is often noisy and informal. We ap-
ply a lightweight normalization pipeline consist-
ing of: (1) whitespace trimming and normaliza-
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Input Output
Post Text Image Text Label
Unvaccinated is Sexy AF. https://t.co/SJQ6DpBh17 Unvaccinated MATTER 0
£, @pauraenisciun Unvaccinated https://t.co/KMDvQ... Bullying in 2022 1
R IM VAXXED YALL https://t.co/xfixZZ V9ol D 2

Table 1: Example memes from the VaxMeme dataset.

The first three columns represent the multimodal inputs

(image, post text, and OCR-extracted image text), while the final column is the stance label. Labels: 0 = Vaccine-

critical, 1 = Neutral, 2 = Pro-vaccine.

Text Modality

|- = |

Image Modality

Text feature
extractors

)

Soft-voting
ensemble

mage feature
extractors

Figure 1: Overall system pipeline for processing memes
through text and image models, with outputs combined
via soft voting.

tion; (2) URL replacement with [URLJ; (3) emoji
demojization (e.g. :syringe:); (4) reduction of
repeated characters; (5) hashtag normalization;
(6) mention normalization; and (7) removal of
non-alphanumeric characters except common punc-
tuation. Although some steps (e.g., whitespace
cleanup and emoji handling) have minimal effect
on this dataset, they are retained for consistency
and robustness. Importantly, normalization is con-
servative to preserve stance-indicative tokens such
as hashtags and informal expressions. Table 2
shows representative examples of each step.

All images are uniformly resized to 224 x 224
pixels and enhanced using a three-step proce-
dure: contrast adjustment (x 1.2), brightness scal-
ing (x1.1), and sharpness enhancement (x1.1).
Figure 3 illustrates the enhancement effect on ex-
ample memes.

3.2 Class Balancing and Augmentation

The original training set is moderately imbalanced:
pro-vaccine 39.0%, vaccine-critical 30.9%, and
neutral 30.0%. To address this, we perform class-
balanced oversampling, increasing each class to
a fixed target size (e.g., 3,200 or 4,000 samples
per class depending on the experiment). Oversam-
pling is implemented via sampling with replace-
ment. For the duplicated samples only, we apply
random token deletion as a text augmentation strat-

Preprocessing

Text Preprocessing | Image Enhancement

Contrast x1.2

Augmentation

Text aug.

Text+Image

URL, emoji, Random

Balanced oversampling|

hashtag, mentionaor Brightness x1.1 eletion me0.1
hashtag, mentionnorm. Sharpness x1.1 deletion p=0.
Dataset
Text Model Multimodal Model Text Model
¥ A\ 2 A2

’ DeBERTa-v3-large ‘ ’CLIP multimodal (ViT-B/32) ‘ ‘ RoBERTa-large ‘
i | Tokenizer - max seq 128 i i/ BPE tokenizer - max seq 128| !
! Image Text P
: T encoder | | Transformer || H

¢ : Transformer encoder |
i1 24 layers - dlsenlangled aun |

Concat embeddings (smz)]
[CLS] pooler

: ; Linear classifier (3 classes) E

: Transformer encoder
! |24 layers - di

attn

v

[CLS] pooler

 |Linear classifier (3 classes)| |
v

Soft-voting ensemble
P_ens = 0.337-P_DeBERTa + 0.332-P_CLIP + 0.332-P_RoBERTa

MLP head
ear ~ ReLU — Dmpuuﬁ

Val F1 = 0.8189
w =0.337
L

D I T

Figure 2: Final ensemble architecture: DeBERTa-v3-
large, CLIP multimodal (ViT-B/32), and RoBERTa-
large with soft voting. Weights are proportional to indi-
vidual validation F1.

Val F1 = 0.8058
w =0.332
[

Val F1 = 0.8062
w =0.332

-

Test Set Pmd:cuon

H

egy. Specifically, each token is removed with prob-
ability p = 0.1, and augmentation is applied to
a sample with probability 0.3. We intentionally
avoid geometric augmentations (e.g., flipping, rota-
tion, cropping), as preliminary experiments in our
ablation study (Appendix A.4) showed a drop in
validation F1 from 0.8140 to 0.8069 when these
transformations were applied. This suggests that
meme semantics depend heavily on layout and text
placement, which such transformations may dis-
tort.

This approach preserves domain-specific vocab-
ulary (e.g., vaccine names, slang) while introducing
slight variability, making it more suitable than syn-
onym replacement, which risks altering semantic
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Before

Preprocessing

After

Vaxxed! Yass! https://t.co/xxx
Vaxxed https://t.co/xxx

I got #vaxxed [URL] Hashtag
@QUKvaxxed Vaxxed [URL] Mention
Vaxxed [URL] Clean

Normalise space
Remove URL
Repeat char

Vaxxed! Yass! https://t.co/xxx
Vaxxed [URL]

vaxxed?? [URL]

I got hashtag_vaxxed [URL]
mention_UKvaxxed Vaxxed [URL]
Vaxxed URL

Table 2: Preprocessing pipeline with before-and-after examples for each step.

Figure 3: Image enhancement examples: original (left)
and enhanced (right).

meaning. Notably, augmentation is applied only
to oversampled instances, while original samples
remain unchanged.

Class balancing is the most impactful interven-
tion in our pipeline. As shown in Table 10, even
simple models such as TF-IDF classifiers benefit
significantly (+4—5 macro F1 points), indicating
that performance gains primarily stem from im-
proved class distribution rather than augmentation
alone. Figure 4 shows the class distribution before
and after balancing.

Before Augmentation After Augmentation

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘
<<<<<<<<<

33.3% 333%

uuuuuuu

Figure 4: Class distribution before (left) and after (right)
balancing to 4,000 samples per class.

3.3 Model Selection and Justification

We select three models for the final ensemble, each
chosen based on ablation evidence:
DeBERTa-v3-large achieves the strongest text-
only result in ablation (on the development split:
0.8107 without augmentation, 0.8110 with P+D).
Its disentangled attention mechanism, which sepa-
rately encodes content and positional information

(He et al., 2021), is particularly suited to the short,
stylised text of memes.

RoBERTa-large reaches 0.8130 with P+D aug-
mentation on the development split, complement-
ing DeBERTa through a different pretraining ob-
jective and corpus. Despite similar macro F1, the
two models make different errors, making them
effective ensemble partners.

CLIP multimodal (ViT-B/32) is the only model
in our system that jointly encodes image and text.
With image enhancement, balanced oversampling,
text preprocessing and text deletion augmenta-
tion, it reaches macro F1=0.8502 on the devel-
opment set—outperforming all text-only models—
confirming that visual features carry stance signals
not captured by text alone. BLIP was evaluated but
plateaued at 0.7892 regardless of pipeline config-
uration, likely due to insufficient fine-tuning, and
was excluded. We evaluated ViT-B/32 as it fits
within the 16 GB memory budget of a single Kag-
gle P100; ViT-L/14 requires approximately 2 x the
GPU memory for the same batch size and was not
feasible under our computational constraints.

3.4 Ensemble Strategy

We combine the three models via soft voting, av-
eraging class probability vectors with weights pro-
portional to validation macro F1:

Pens = w1 PpeBerTa + w2 Perip +w3 ProBERT2 (1)

where w; = 0.337, wo = 0.332, w3 = 0.332. We
explored majority voting and four-model configu-
rations (adding TF-IDF and BLIP); none exceeded
the three-model soft-voting result (Section 5).

3.5 End-to-End Inference Example

Figure 5 shows the inference pipeline for a repre-
sentative sample (index 30): an image of a man
holding a CDC COVID-19 Vaccination Record
Card and the post text Fully vaxxed w/Pfizer.
https://t.co/0zvacyQTT9. Text is preprocessed
via MemeTextPreprocessor (URL replaced with
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CURL], whitespace normalized, special charac-
ters removed), yielding Fully vaxxed wPfizer.
URL”. The 900 x 900 image is enhanced (con-
trast x1.2, brightness x1.1, sharpness x1.1) and
resized to 224 x 224. DeBERTa-v3-large and
RoBERTa-large encode the text, CLIP encodes im-
age and text embeddings which are concatenated
and passed through a 2-layer classification head.
Weighted soft voting (w = (0.337,0.332,0.332))
combines outputs: DeBERTa predicts Neutral
(0.638), CLIP and RoBERTa predict Pro-vaccine
(0.968, 0.720), giving a final correct Pro-vaccine
prediction (ensemble probability 0.611, computed
from the full class probability vectors), showing
how strong visual cues can override sparse textual
input.

4 Experimental Setup

We use the official shared task splits described in
Section 3. All models are trained on the full train-
ing set with balanced augmentation. Validation
macro F1 guides model selection and weight cali-
bration.

DeBERTa-v3-large and RoBERTa-large are fine-
tuned with AdamW (Ir=1e-5, weight decay=0.01),
linear schedule with 10% warmup, batch size 8
(gradient accumulation steps 4 and 2 respectively),
fp16, for 5 epochs with early stopping (patience=3
on val macro F1). CLIP uses AdamW (Ir=2e-5),
ReduceLROnPlateau scheduler, batch size 16, up
to 10 epochs with early stopping (patience=3). Full
hyperparameters are in Appendix B.

We use HuggingFace Transformers v4.40.07 for
all transformer models, OpenAI CLIP? for the mul-
timodal encoder, Salesforce BLIP* for the BLIP
baseline, scikit-learn v1.4.2> for TF-IDF and lo-
gistic regression, and Pillow v10.3.0° for image
enhancement.

All experiments use a single NVIDIA P100 (16
GB) via Kaggle.

Macro F1 is the primary metric, consistent with
the shared task evaluation. We additionally report
accuracy, per-class precision, recall, and F1, along
with a confusion matrix for error analysis.

Formally, let C € N5*K denote the confusion
matrix, where Cj; is the number of samples with

Zhttps://github.com/huggingface/transformers
3https ://github.com/openai/CLIP

4https ://github.com/salesforce/BLIP
Shttps://scikit-learn.org
®https://python-pillow.org

true class ¢ predicted as class j. For class k, preci-
sion, recall, and F1 are defined as:

. Chk
Precision;, = , )
Zj Cik
Chr
Recall, = , 3)
Zj Ch;
Fl, = 2- Prfzc.isionk . Recallk. @)
Precision;, + Recallg,
Macro F1 is computed as:
1 K
Macro-F1 = — > Fly. (5)
k=1
Overall accuracy is defined as:
C
Accuracy = 721{ L (6)
2. Ci
5 Results

5.1 Progressive System Development

Table 3 summarises our experiments as a progres-
sion from simple baselines to the final submission,
grouped by model category. All results are on
the official test set (1,025 samples) unless other-
wise noted. Full per-model breakdowns are in Ap-
pendix D.

The results tell a clear story. Image-only models
establish a ceiling of 0.7156, confirming text as
the dominant modality. Plain text baselines with-
out augmentation reach 0.8046 (TF-IDF+LogReg),
which large pretrained transformers with augmen-
tation push to 0.8252 (RoBERTa-large). Adding
CLIP multimodal to the ensemble breaks the text-
only ceiling, and increasing the augmentation tar-
get from 3,200 to 4,000 samples per class yields
the final gain to 0.8306. Zero-shot LLaVA-1.5-13B
(0.3447) confirms that general-purpose large vision-
language models require task-specific fine-tuning
for this domain.

5.2 Final Ensemble and Submission

Table 4 shows the individual validation scores of
each component in the final ensemble. Weights are
proportional to validation F1.

Adding TF-IDF or BLIP to the ensemble does
not improve results: TF-IDF’s lexical patterns are
largely subsumed by the large transformers, and
BLIP’s contribution is already covered by CLIP.
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Figure 5: End-to-end inference for sample 30. The image and post text (“Fully vaxxed w/Pfizer. [URL]”) are
preprocessed separately and fed to DeBERTa, CLIP, and RoBERTa. Bars show class probabilities; weighted soft
voting produces the final Pro-vaccine prediction, illustrating how visual signals can outweigh sparse textual cues.

Stage Model / Configuration F1 Model Val F1  Acc. Weight
Image-only baselines DeBERTa-v3-large 0.8189 0.8213 0.337
ResNet-50 0.6875 CLIP Multimodal (ViT-B/32) 0.8058 0.8086 0.332
ConvNeXt-base 0.6603 RoBERTa-large 0.8062 0.8076 0.332
CLIP Vision (image only) 0-7156 Ensemble (submitted) 0.8140 0.8154 —
Text-only baselines (no aug)
TF-IDF + LogReg 0.8046 Table 4: Final ensemble components, validation scores,
BERT-base 0.7962 d sof . iohts. T F1 = 0.8306
RoBERTa-base 0.8028 and soft-voting weights. Test set macro F1 = 0. .
Text models + preprocessing & aug
DeBERTa-v3-base 0.7967 Class Prec. Recall  F1
BERT-base 0.8088 Vaccine-critical  0.826  0.815  0.820
RoBERTa-base 0.8200 Neutral 0.721 0792  0.755
Large text models (+ preprocessing & aug) Pro-vaccine 0900 0836 0.867
XLM-RoBERTa-large 0.8026 Macro avg 0.816 0814 0814
DeBERTa-v3-large 0.8146
RoBERTa-large 0.8252 Lo
Table 5: Per-class validation results for the final ensem-
Multimodal ble
CLIP Multimodal (no aug) 0.7848 ’
CLIP Multimodal (aug=3200) 0.7957
CLIP Multimodal (aug=4000) 0.8002 . o ) )
LLaVA-1.5-13B (zero-shot) 0.3447 ing they carry strong distinctive lexical and visual
Ensemble configurations signals. The test prediction distribution—vaccine-
RoBERTa + CLIP + TF-IDF 0.8252 critical 30.6%, neutral 35.1%, pro-vaccine 34.2%—
CLIP + RoBERTa + DeBERTa (3200) 0.8286 . .. e . S TP
RoBERTa + TE.IDF + CLIP 0.8299 closely m1rrf)m the tra}lnlng distribution, indicating
Stacking (+ BLIP) 0.8262 no systematic class bias.

CLIP + RoBERTa + DeBERTa (4000) 0.8306

Table 3: Progression of results from image-only base-
lines to the final submission. Bold = best in group.

5.3 Per-class Analysis and Error Analysis

Table 5 and Figure 6 show per-class results and the
confusion matrix for the final ensemble on valida-
tion.

The neutral class is the hardest (F1=0.755), mis-
classified in both directions: 40 neutral memes are
predicted vaccine-critical and 28 are predicted pro-
vaccine. Neutral memes tend to present factual
information without explicit stance markers, mak-
ing them inherently ambiguous. Vaccine-critical
memes have the highest recall (0.815), suggest-

6 Discussion

Balanced class oversampling emerges as the most
impactful intervention in our study. While text-only
models outperform CLIP individually (RoBERTa-
large: 0.8062 val, DeBERTa-v3-large: 0.8189 val
vs. CLIP: 0.8058 val), CLIP still improves ensem-
ble performance. To understand this, we anal-
ysed pairwise prediction agreement between mod-
els on the test set: CLIP agrees with DeBERTa on
only 86.3% of test samples and with RoOBERTa on
85.8%, whereas the two text models agree with
each other on 92.9%. Although DeBERTa and
RoBERTa individually outperform CLIP on their
respective disagreements, CLIP’s lower correlation
with both text models introduces sufficient diver-
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Figure 6: Confusion matrix for the final ensemble on
the validation set (1,024 samples).

sity for soft voting to exploit—consistent with en-
semble theory, where diversity among members
is as important as individual accuracy. In terms
of augmentation, random token deletion proves
more effective than synonym replacement across
all eight transformer models (Table 7), as synonym
substitution risks altering domain-specific vocabu-
lary such as vaccine names and slang, whereas dele-
tion preserves the original distribution while intro-
ducing useful variation. Finally, large models such
as DeBERTa-v3-large and RoBERTa-large exhibit
early overfitting, peaking at epochs 2 and 3 respec-
tively, with validation loss increasing thereafter,
suggesting that the dataset size (8,195 samples) is
limiting and that early stopping is crucial for sta-
ble performance. An experiment in which random
crop, horizontal flip, colour jitter, and rotation were
applied during training reduced ensemble valida-
tion F1 from 0.8140 to 0.8069 (Appendix A.4). We
attribute this to the nature of meme images: mean-
ing is encoded through composition and text place-
ment, which geometric transforms disrupt. Im-
age enhancement alone (contrast, brightness, sharp-
ness) proved sufficient.

7 Conclusion

We presented a multimodal ensemble system for
vaccine stance detection in memes, achieving
0.8306 macro F1 and ranking 8th out of 25 teams
in the VaxMeme 2026 Shared Task (Thapa et al.,
2026b). Our key finding is that balanced class
oversampling is the most impactful intervention: it
substantially boosts all model families and should

be the first consideration on imbalanced meme
datasets. A soft-voting ensemble of DeBERTa-
v3-large, RoBERTa-large, and CLIP multimodal—
trained with balanced oversampling and domain-
adapted preprocessing—achieves competitive per-
formance close to the top systems. Future work
will explore cross-modal attention mechanisms and
task-specific fine-tuning of larger vision-language
models.

Limitations

Our system is trained on English-language COVID-
19 vaccine memes; generalisation to other lan-
guages or vaccine contexts is unverified. Text dele-
tion augmentation may introduce noise for very
short meme texts. Computational constraints lim-
ited hyperparameter search to a single run per con-
figuration.

Ethics Statement

All data consists of publicly available social media
content. Stance detection tools carry a risk of mis-
use for content censorship; we advocate for their
application in public health research and discourse
analysis only.
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A Ablation Study

All ablation results use a stratified development
split: 5,736 train / 820 val / 1,639 test. Macro F1 is
reported on the held-out test partition throughout.

A.1 Simple Baselines

Model Macro F1
ResNet-50 (image only) 0.6518
Late Fusion (BERT+ResNet) 0.7041
TF-IDF + SVM 0.7919
BERT-base 0.7949
TF-IDF + LogReg 0.7995
RoBERTa-base 0.7959
CLIP Multimodal 0.7871
Enhanced TF-IDF 0.8017
Super Ensemble 0.8075

Table 6: Initial baselines without any preprocessing or
augmentation.

A.2 Text Transformer Ablation

Model None Prep Syn Del P+D

Base-sized models

BERT-base 0.7912 0.8014 0.7938 0.7955 0.7998
RoBERTa-base 0.7990 0.7894 0.7888 0.7894 0.7795
Twitter-RoBERTa 0.7985 0.7988 0.7990 0.8012 0.7997

XLM-RoBERTa-base
DeBERTa-v3-base

0.7945 0.7912 0.7956 0.7889 0.7844
0.8058 0.8062 0.7993 0.8050 0.7966

Large models

RoBERTa-large 0.7970 0.8026 0.8031 0.8050 0.8130
XLM-RoBERTa-large 0.7997 0.8014 0.7924 0.7975 0.8049
DeBERTa-v3-large 0.8107 0.8054 0.8001 0.8021 0.8110

Table 7: Text transformer macro F1 across all prepro-
cessing and augmentation configurations (development
split). Prep = text preprocessing; Syn = synonym aug-
mentation; Del = random deletion; P+D = Prep+Del.
Bold = best per group.
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A.3 Image Enhancement and Oversampling

Table 8 reports image-only macro F1 before and
after applying image enhancement and balanced
oversampling.

Model Baseline w/ Enh+Oversample
ConvNeXt-base 0.6213 0.6964
EfficientNet-B3 0.6383 0.6753
ResNet-50 0.6518 0.7118
Swin-base 0.6670 0.7699
ViT-base 0.6672 0.7834
CLIP Vision 0.6915 0.7725

Table 8: Image-only macro F1 before and after image
enhancement and balanced oversampling (development
split).

A4 Impact of Image Geometric
Augmentation

We conducted a small ablation to evaluate the ef-
fect of geometric augmentation (flipping, cropping,
rotation) on validation performance. Table 9 sum-
marizes the results for our CLIP multimodal en-
semble.

Val F1

Img Enh + Oversample only 0.8140
Img Enh + Oversample + Geometric Aug  0.8069

Pipeline

Table 9: Effect of geometric image augmentation on val-
idation macro F1. Augmentation reduces performance,
likely due to disruption of text layout and composition.

A.5 Effect of Balanced Class Distribution on
TF-IDF

Table 10 reports macro F1 for TF-IDF models be-
fore and after balanced class distribution.

Model Imbalanced Balanced (Syn) Balanced (Deletion)
TF-IDF + SVM 0.7919 0.8412 0.8423
TF-IDF + LogReg 0.7995 0.8427 0.8401

Table 10: TF-IDF macro F1 before and after balanced
class distribution (3,200 per class) and with additional
text deletion augmentation. Gains are due to class bal-
ancing alone.

A.6 Multimodal Development Results

Table 11 summarizes multimodal model results
under different pipeline configurations.

Model Pipeline Macro F1
BLIP-base (5ep) None 0.7892
CLIP Multimodal None 0.7871
CLIP Multimodal (15ep) Img Enh + Oversample 0.8415
BLIP-base (5ep) Img Enh + Oversample 0.7892
CLIP Multimodal (15ep)  Img Enh + Oversample + Text Aug 0.8502

Table 11: Multimodal model results under different
pipeline configurations (development split).

A.7 All Text Models (Main Evaluation)

Table 12 reports validation macro F1 for all text-
only models with and without preprocessing and
augmentation.

Model w/o Pre+Aug w/ Pre+Aug
Base-sized models

BERT-base 0.7962 0.8088
DeBERTa-v3-base 0.8031 0.7967
RoBERTa-base 0.8028 0.8200
Twitter-RoBERTa 0.8092 0.8178
XLM-RoBERTa-base 0.8096 0.8136
4-model ensemble 0.8151 0.8165
Large models (w/ Pre+Aug only)
XLM-RoBERTa-large — 0.8026
DeBERTa-v3-large — 0.8146
RoBERTa-large — 0.8252
TF-IDF models

TF-IDF + SVM 0.8003 0.7902
TF-IDF + LogReg 0.8046 0.7996

Table 12: All text-only model validation macro F1.
Pre+Aug = text preprocessing + random deletion aug-
mentation.

A.8 All Image and Multimodal Models (Main
Evaluation)

Table 13 reports validation macro F1 for image-
only and multimodal models.

Model Aug Target Val F1
ConvNeXt-base — 0.6603
EfficientNet-B3 — 0.6622
CLIP Vision (image only) — 0.7156
CLIP Multimodal 3200 0.7957
CLIP Multimodal 4000 0.8002
CLIP Multimodal (TTA) 4000 0.7856
LLaVA-1.5-13B (zero-shot) — 0.3447

Table 13: Image-only and multimodal model validation
macro F1. Aug Target = balanced samples per class.

B Training Hyperparameters

As shown in Table 14, CLIP multimodal (ViT-
B/32) uses a 2-layer MLP classification head
over concatenated image and text embeddings
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Setting DeBERTa-v3-large RoBERTa-large

Learning rate le-5 le-5

Batch size 8 8

Grad. accum. steps 4 2

Epochs 5 5

Best epoch (val F1) 2 3
Optimizer AdamW, weight decay 0.01
Scheduler Linear decay, warmup ratio 0.1
Max seq. len 128 tokens
Precision fpl6

Early stopping Patience = 3 (val macro F1)

Table 14: Transformer training hyperparameters for the
final submission run.

(dim=512 x 2), trained with AdamW (Ir=2e-5,
weight decay=0.01) and a ReduceLROnPlateau
scheduler (factor=0.5, patience=1). Batch size=16,
up to 10 epochs with early stopping (patience=3
on val macro F1); best checkpoint at epoch 2
(val F1=0.8058). Images resized to 224 x 224
with enhancement (contrast x 1.2, brightness x1.1,
sharpness x1.1). No geometric augmentation was
applied. Cross-entropy loss with class-balanced
weights. All models trained on a single NVIDIA
P100 (16 GB) via Kaggle.

C Ensemble Weights

Final ensemble weights are proportional to valida-
tion macro F1: DeBERTa-v3-large: 0.337, CLIP
Multimodal: 0.332, RoBERTa-large: 0.332 (nor-
malised to sum to 1.0). Soft voting averages class
probability vectors; majority voting was also evalu-
ated and produced identical results on several con-
figurations, suggesting the models largely agree.

D Full Test-Phase Results

All results below are on the official test set (1,025
samples) unless marked t (validation set). Models
are grouped by family. This appendix covers all
65 experimental configurations run during the test
phase.

D.1 Text-Only Models

Table 15 lists all text-only model results on the
official test set.

D.2 Image-Only Models

Table 16 lists all image-only model results on the
official test set.

D.3 Multimodal Models

Table 17 lists all multimodal model results on the
official test set.
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Model Pre+Aug F1 Acc. Prec.
TF-IDF models

TF-IDF + LogReg No 0.8046 0.8068 0.8061
TF-IDF + SVM No 0.8003 0.8020 0.8032
TF-IDF + LogReg Yes 0.7996 0.8020 0.8016
TF-IDF + SVM Yes 0.7902 0.7922 0.7943
Base-sized transformers (no Pre+Aug)

BERT-base No 0.7962 0.8000 0.7971
RoBERTa-base No 0.8028 0.8059 0.8036
Twitter-RoBERTa No 0.8092 0.8137 0.8088
XLM-RoBERTa-base No 0.8096 0.8127 0.8120
DeBERTa-v3-base No 0.8031 0.8059 0.8066
Base-sized transformers (with Pre+Aug)

BERT-base Yes 0.8088 0.8117 0.8101
RoBERTa-base Yes 0.8200 0.8215 0.8232
Twitter-RoBERTa Yes 0.8178 0.8205 0.8193
XLM-RoBERTa-base Yes 0.8136 0.8156 0.8164
DeBERTa-v3-base Yes 0.7967 0.8010 0.7978
Large models (with Pre+Aug)

XLM-RoBERTa-large Yes 0.8026 0.8049 0.8062
DeBERTa-v3-large Yes 0.8146 0.8185 0.8147
BERT-base (large run) Yes 0.8147 0.8156 0.8196
RoBERTa-large Yes 0.8252 0.8293 0.8250

Table 15: All text-only model results on the test set.

Model F1 Acc. Prec.
ResNet-50 0.6875 0.6907 0.6904
ConvNeXt-base 0.6603  0.6663 0.6612
EfficientNet-B3 0.6622 0.6663 0.6671
CLIP Vision (image only) 0.7156  0.7220 0.7178
ResNet-50 (with enh+oversample) 0.6784  0.6810 0.6841

Table 16: All image-only model results on the test set.

D.4 Ensemble Configurations

Table 18 lists all ensemble configurations explored;
the final submission is bolded.



Model / Configuration F1 Acc.

CLIP Multimodal (baseline, no aug) 0.7848  0.7873
CLIP Multimodal (aug=3200) 0.7957  0.8000
CLIP Multimodal (aug=4200) 0.7849 0.7873
CLIP Multimodal (TTA) 0.7856  0.7912
CLIP Multimodal (aug=4000) 0.8002 0.8020
BLIP-base (5ep)’ 0.7892  0.7906
LLaVA-1.5-13B (zero-shot) 0.3447  0.3971

Table 17: All multimodal model results. TValidation F1

(test set unlabeled).

Ensemble Configuration F1 Acc.

RoBERTa + CLIP + TF-IDF (weighted) 0.8252  0.8293
RoBERTa + CLIP + TF-IDF (majority) 0.8252  0.8293
TF-IDF + CLIP + RoBERTa + DeBERTa 0.8221 0.8244
CLIP + RoBERTa + DeBERTa (aug=3200) 0.8286 0.8312
Stacking (CLIP+RoBERTa+DeBERTa+BLIP)  0.8262  0.8283
RoBERTa + TF-IDF + CLIP (majority) 0.8299 0.8312
RoBERTa + TF-IDF + CLIP (weighted) 0.8299 0.8312
CLIP + RoBERTa only 0.8132  0.8156
CLIP + RoBERTa + DeBERTa (aug=4000)  0.8306 0.8322

Table 18: All ensemble configurations explored. Final

submission is bolded.
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Abstract

Vaccine-critical memes have emerged as a
growing challenge for public health communi-
cation, combining images and text to spread
misinformation in ways that are difficult to
detect automatically. In this paper, we have
described our system for the EEUCA 2026
Shared Task on Multimodal Vaccine-Critical
Meme Detection, classifying memes from the
VaxMeme dataset into Vaccine-Critical, Neu-
tral and Pro-Vaccine categories. We have ex-
perimented with multiple text encoders and vi-
sual backbones, finding that Twitter-RoBERTa
fused with CLIP ViT-L/14 through gated cross-
modal attention has achieved a test macro F1
of 0.8357. We have further shown that domain-
specific pretraining has outperformed larger
general-purpose models, highlighting the im-
portance of domain adaptation over raw model
scale. Finally, our system has secured the 3rd
position on the shared task leaderboard.

1 Introduction

Memes have evolved into powerful tools for spread-
ing vaccine misinformation online, combining text
and images in ways that are difficult to counter
through traditional fact-checking methods. While
researchers have made progress in detecting harm-
ful memes broadly (Suryawanshi et al., 2020),
vaccine-specific meme detection has remained
largely underexplored (Naseem et al., 2023).

The shared task has provided the VaxMeme dataset,
consisting of over 10,000 manually annotated
vaccination-related memes labeled as Vaccine-
Critical, Neutral and Pro-Vaccine. It has encour-
aged the development of multimodal systems that
jointly leverage textual and visual information for
fine-grained meme understanding (Naseem et al.,
2023). In the EEUCA 2026 Shared Task on Multi-
modal Vaccine-Critical Meme Detection, we have
experimented with multiple text encoders and vi-
sual backbones, finding that Twitter-RoBERTa

paired with CLIP ViT-L/14 under gated cross-
attention fusion has proven the most effective,
achieving a macro F1 of 0.8357 on the official
test set. The core contributions of our work are
as follows:

* We have implemented a gated cross-attention
fusion mechanism that has learned to balance
text and image features for each meme indi-
vidually.

* We have shown that Twitter-RoBERTa has out-
performed larger general-purpose encoders,
highlighting the value of domain-specific pre-
training over raw model size.

* We have developed a multi-stage training
pipeline incorporating weighted focal loss,
a weighted ensemble and retraining on com-
bined training and evaluation data.

Code is available at: https://github.com/
Mif-taa/VaxMemeStance.

2 Related Work

Detecting harmful content in memes has become an
increasingly important research problem as social
media platforms have grown into primary chan-
nels for health-related discourse. Early approaches
have tackled this problem using unimodal models,
but these have consistently fallen short in captur-
ing how the two modalities interact to construct
meaning (Suryawanshi et al., 2020), motivating
multimodal fusion strategies that have shown mean-
ingful gains (Koutlis et al., 2023). Pretrained trans-
formers such as BERT and RoBERTa have proven
effective for social media text understanding (De-
vlin et al., 2019; Liu et al., 2019), while vision-
language models like CLIP (Radford et al., 2021)
and FLAVA (Singh et al., 2022) have pushed multi-
modal representation further. Twitter-RoBERTa
(Barbieri et al., 2020) has demonstrated strong
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performance on Twitter-oriented tasks through
domain-specific pretraining and DINOv2 (Oquab
et al., 2023) has expanded the toolkit for image
feature extraction without text-image contrastive
objectives. Most directly relevant to our work,
Naseem et al. (2023) have developed a multimodal
system for vaccine-critical meme detection on Twit-
ter, providing the foundational benchmark for our
work. Building on these works, our approach
has addressed the challenge of capturing cross-
modal interactions in memes by combining Twitter-
RoBERTa, CLIP ViT-L/14 and OCR-extracted text,
enabling more effective understanding of meme
semantics for vaccine-critical detection.

3 Dataset & Task Description

This work has addressed the shared task on Mul-
timodal Identification of Vaccine Content Stance
on Social Media (Thapa et al., 2026b), organized
as part of the 9th Workshop on Event Extraction
and Understanding: Challenges and Applications
(EEUCA) (Hiirriyetoglu et al., 2026). The task has
required classifying vaccine-related memes into
one of three stance categories: Pro-Vaccine, Neu-
tral and Vaccine-Critical, to support automatic de-
tection of health misinformation and stance in mul-
timodal social media content (Thapa et al., 2024,
2025).

The competition has been hosted on CodaBench'
and participants have been evaluated on a held-
out test set. The task has built upon prior work
in multimodal vaccine-critical meme identification
(Naseem et al., 2023) and concept-grounded de-
tection of vaccine misinformation (Thapa et al.,
2026a), with the annotation schema shared with
the CrisisHateMM framework for hate speech anal-
ysis in crisis contexts (Bhandari et al., 2023).

3.1 The VaxMeme Dataset

The VaxMeme dataset has consisted of multimodal
samples, each comprising a meme image, associ-
ated post_text and OCR-extracted image_text.
The dataset has been drawn from prior WSDM and
WebConf resources (Naseem et al., 2023; Thapa
et al., 2026a) and has been partitioned into Train,
Evaluation and Test splits. The label distribution
across splits has been presented in Table 1.

The training set has contained 8,195 labelled
memes, with a mild class imbalance toward the Pro-
Vaccine category, followed by Vaccine-Critical and

"https://www.codabench.org/competitions/12085/

Labels Train Evaluation Test
Vaccine-Critical 2,535 308 314
Neutral 2,461 327 316
Pro-Vaccine 3,199 389 395
Total 8,195 1,024 1,025

Table 1: Data distribution across Train, Evaluation, and
Test sets.

Neutral. The evaluation set has contained 1,024
labelled samples, while the test set has contained
1,025 labelled memes used for final leaderboard
evaluation.

4 System Overview

4.1 Problem Formulation

Each meme in the VaxMeme dataset has been as-
signed one of three stances: Vaccine-Critical (0),
Neutral (1) or Pro-Vaccine (2). We have trained
three classifiers and combined their predictions via
weighted soft voting. The final label has been deter-
mined by the highest weighted average probability:

3

X fi
g =argmax » w;pi(k|z), w;=
i ; i Pi i Zj fj

1
where f; is the macro F1 score of model 4, ensur-
ing stronger models influence the final decision,
especially for borderline Neutral cases.

4.2 Model Architecture

4.2.1 Text-Only Classifier

The text-only classifier has been built on the
Twitter-RoBERTa model, a RoBERTa-base model
pretrained on 124 million tweets and fine-tuned on
sentiment, making it well-suited to the informal
language of vaccine-related social media. A clas-
sification head has taken the average of the [CLS]
token and the masked mean-pooled embeddings,
has passed through dropout and a linear projection
to three output classes:

_ hcrs + MeanPool(H, m)

2 )
p = softmax(W Dropout(h))

h

where H is the full last hidden state and m is the
attention mask.

4.2.2 Gated Multimodal Model

The multimodal model has fused the OCR-
augmented text stream with a visual stream from
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Figure 1: End-to-end pipeline of the 3-model ensemble for vaccine-meme detection.

the meme image. The text branch has reused the
same Twitter-RoBERTa encoder and pooling strat-
egy, while the visual branch has employed a CLIP
ViT-L/14 encoder producing 768-dimensional im-
age embeddings. For the first four epochs CLIP has
been kept frozen to stabilise the fusion layers, after
which CLIP parameters have been unfrozen with
a conservative learning rate of 1 x 10™7 to allow
gradual domain adaptation without catastrophic for-
getting.

Both representations have been projected into a
shared 512-dimensional fusion space via linear pro-
jections with LayerNorm and GELU activation.
Cross-modal interaction has been modelled through
8-head cross-attention, where the text embedding
has acted as query and the image embedding as key
and value:

c= LayerNorm(CrossAttn(qtext, Kimg, vimg))
3)
A learned scalar gate g € (0, 1) has then blended
the cross-attended representation with the raw text
projection, allowing the model to down-weight the
image when it has provided no additional discrimi-
native signal:

z=g-c+ (1—g) heqw, 9= U(Wg [hiext: C])
C))

The fused representation z has been passed to a

two-layer MLP classifier (512 — 256 — 3).

4.2.3 Combined-Data Model

The third model has been an additional instance of
the gated multimodal architecture retrained on the
union of the training and validation sets, exposing
the model to every labelled example before test-
time inference. Training has been run for a fixed
4 epochs with CLIP kept frozen throughout. Its
logits have been included in the final ensemble us-
ing the validation F1 of the standalone multimodal
model as a proxy weight, avoiding data leakage
in the ensemble estimate.This proxy does not in-
flate ensemble performance because the standalone
multimodal model’s validation F1 was computed
on a held-out evaluation set that was never used
during combined-data training. The combined-data
model thus contributes a conservatively weighted
vote, and any overestimation of its weight would
only marginally affect the final ensemble given that
all three models produce similar probability distri-
butions.

Figure 1 illustrates the pipeline.

5 Experimental Setup

5.1 Data Splits

The dataset has been divided into three splits: a
training set of 8,195 samples, an evaluation set
of 1,024 samples and a test set of 1,025 samples.
During Stage 1 and Stage 2, the model has been
trained on the training set and validated on the
evaluation set. In Stage 3, the model has been
retrained on the combined training and evaluation
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set of 9,219 samples before running inference on
the test set. The test set has been kept unseen
throughout all training stages.

5.2 Preprocessing
5.2.1 Text

Each sample’s textual content has been constructed
by concatenating the post text with OCR-extracted
meme overlay text separated by a special delimiter:

t = post_text || [SEP] || image_text  (5)

When no OCR text is available, only post_text
has been used. This fusion has ensured that stance
signals in meme overlays, like slogans and hashtags
are preserved.

5.2.2 Image

Each meme image has been loaded, converted to
RGB and preprocessed using the CLIP ViT-L/14
preprocessor, resizing and centre-cropping to 224 x
224 pixels with ImageNet normalization. During
training, augmentations such as random flipping,
colour jitter, affine transformation, and perspective
distortion has been applied, with no augmentation
during evaluation or inference. Missing images has
been replaced with a zero tensor of the same shape.

5.3 Feature Extraction and Fusion

Textual features have been ex-
tracted using cardiffnlp/
twitter-roberta-base-sentiment-latest
with the final representation computed as the
average of the [CLS] token and the mean-pooled
token embeddings, both of dimensionality 768.
Visual features have been extracted using the
CLIP ViT-L/14 visual encoder, also producing
768-dimensional embeddings. Both representa-
tions have been mapped to a shared fusion space
of dimension 512 via linear projection layers with
LayerNorm, GELU activation, and dropout of 0.1.
Gated cross-modal attention has been used for
fusion, where the text representation has served as
the query and the image representation as the key
and value in an 8-head multi-head attention layer.
A learned gate has controlled the balance between
the attended image features and the text features:

g=0o (W[ftext§ Vcross])

(6)
The fused representation has then been passed
through a two-layer classification head (512 —
256 — 3) with GELU activation and dropout.

f= g'Vcross+(1_g)'ftexta

5.4 Training

Training has proceeded in three stages. In Stage
1, a text-only model (Twitter-RoBERTa) has been
trained for 5 epochs on the training set. In Stage
2, the full multimodal model has been trained for
8 epochs, with the CLIP encoder kept frozen for
the first 4 epochs and gradually unfrozen with a
low learning rate of 1 x 10~7 thereafter. In Stage
3, the multimodal model has been retrained for 4
epochs on the combined training and evaluation
set to make use of all labelled data before running
inference on the test set.All models have been op-
timised with AdamW using a cosine learning rate
schedule with 10% linear warmup and gradient clip-
ping at 1.0. The text encoder has used 2 x 1075,
fusion and classification layers 5 x 107> and the
CLIP encoder once unfrozen 1 x 10~7. To address
class imbalance, all models have been trained with
a Weighted Focal Loss:

L==> wy(l—pp)logpr, 7=2 (7)
k

The Neutral class has been up-weighted by 1.4
while other classes have been set to 1.0, with the
focal term concentrating gradient on hard misclas-
sified examples.

5.5 Ensemble and Inference

At inference, the best validation checkpoints of the
text-only, multimodal and combined models have
been used to produce softmax probability vectors.
These have been blended as per Equation (1) and
the argmax of the weighted average has determined
the predicted stance label.

5.6 Parameter Setting

Table 2 lists the key hyperparameters for training
the multimodal systems. All models have used
the AdamW optimizer with a text encoder learning
rate of 2e-5, cosine scheduling, and gradient clip-
ping at 1.0, ensuring stable training and reducing
overfitting.

5.7 Tools and Reproducibility

All experiments have been implemented in PyTorch
using the Hugging Face Transformers library. A
fixed random seed of 42 has been set across Python,
NumPy and PyTorch for reproducibility. Training
has been conducted on a GPU with mixed-precision
via torch.amp and a batch size of 8.
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Model Text LR Head LR Optimizer Batch Size Epochs
RoBERTa-base + CLIP ViT-B/32 2e-5 5e-5 AdamW 16 5+6
BERT-base + CLIP ViT-B/32 2e-5 2e-4 AdamW 16 5+6
Twitter-RoBERTa + CLIP ViT-L/14 2e-5 5e-5 AdamW 8 5+8+4

Table 2: Key hyperparameters for multimodal model training.

5.8 Evaluation Metrics

All models have been evaluated using macro-
averaged F1, precision and recall, treating each
class equally regardless of frequency. The best-
performing validation checkpoint has been retained
for each model.

6 Results and Discussion

6.1 Task: Multimodal Vaccine-Critical Meme
Detection

Table 3 has presented the performance of all models
on the VaxMeme dataset. Among text-only models,
RoBERTa-Large has achieved the highest macro F1
of 0.8165, followed by Twitter-RoBERTa at 0.8125
and RoBERTa-base at 0.8009. Image-only models
have underperformed compared to text-only mod-
els, with CLIP ViT-B/32 achieving the best visual
F1 of 0.7479, ahead of CLIP ViT-L/14 at 0.7179
and DINOv2-base at 0.7034.

Among multimodal models, Twitter-RoBERTa
fused with CLIP ViT-L/14 has achieved the highest
multimodal F1 of 0.8079 and accuracy of 0.8105.
The weighted ensemble has further improved this
to a macro F1 of 0.8090 and accuracy of 0.8115,
with a final test F1 of 0.8357. To address classifica-
tion challenges with the Neutral class, a weighted
focal loss with a 1.4 x Neutral upweight has been
applied.

We acknowledge that Table 3 does not isolate the
gate’s individual contribution from the choice of
ViT-L/14 backbone or the cross-attention structure
itself. A standard cross-attention baseline (same
backbone, no gate) was not included due to com-
pute constraints, and we leave this ablation to fu-
ture work. However, the gate’s theoretical motiva-
tion dynamically suppressing weak visual signals
is supported by the LIME and Integrated Gradients
analyses in Section 8, which confirm that the model
attends to task-relevant cues rather than uniform
image features.

7 Error Analysis

7.1 Confusion Matrix

Figure 2 has shown the confusion matrix for our
best system (Twitter-RoBERTa + CLIP ViT-L/14).
The model has correctly identified 237 Vaccine-
Critical, 258 Neutral and 336 Pro-Vaccine samples.
The Vaccine-Critical class has had the most mis-
classifications, with 61 samples misclassified as
Neutral and 10 as Pro-Vaccine.

Confusion Matrix

1.0

Vaccine-
Critical

10

Neutral §

True Label

0.4

Pro- | o2
vaccine

10 43

- 0.0

Pro-
vaccine

T T
Vaccine- Neutral

Critical
Predicted Label

Figure 2: Confusion matrix for Twitter-RoBERTa +
CLIP ViT-L/14

7.2 Failure Cases

An analysis of the misclassified samples has shown
a clear pattern of errors across all three classes.
The most difficult cases have involved the Vaccine-
Critical class, where 61 samples have been mis-
classified as Neutral and 10 as Pro-Vaccine. This
has suggested that the model has struggled to tell
apart vaccine-critical content from ambiguous or
sarcastic memes that look neutral on the surface.

The Neutral class has also shown confusion in
both directions, with 32 samples misclassified as
Vaccine-Critical and 37 as Pro-Vaccine. This has in-
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Model Classifier P R F1 Acc

Unimodal (Text) RoBERTa-base 0.8019 0.8003 0.8009 0.8047
Unimodal (Text) Twitter-RoBERTa-base 0.8121 0.8138 0.8125 0.8145
Unimodal (Text) RoBERTa-large 0.8174 0.8159 0.8165 0.8200
Unimodal (Image) DINOv2-base 0.7033 0.7045 0.7034 0.7000
Unimodal (Image) CLIP ViT-L/14 0.7191 0.7204 0.7179 0.7200
Unimodal (Image) CLIP ViT-B/32 0.7496 0.7499 0.7479 0.7400
Multimodal RoBERTa-base + CLIP ViT-B/32 0.7845 0.7834 0.7838 0.7881
Multimodal BERT-base + CLIP ViT-B/32 0.7933 0.7926 0.7924 0.7969
Multimodal Twitter-RoBERTa + CLIP ViT-L/14 0.8146 0.8058 0.8079 0.8105
Ensemble Twitter-RoBERTa + CLIP ViT-L/14 0.8132 0.8074 0.8090 0.8115

Table 3: Performance comparison of unimodal, multimodal and ensemble classifiers on the validation set.

dicated that neutral memes have frequently shared
image or text cues with both opposing stances,
which has made boundary cases hard to classify
correctly.

The Pro-Vaccine class has achieved the best recall
of 86.38%, yet 43 samples have been misclassi-
fied as Neutral and 10 as Vaccine-Critical. These
errors have mostly occurred in cases where pro-
vaccine messaging has used mild or understated
language, which has reduced the strength of the
positive stance signal.

Overall, the confusion matrix has shown that most
misclassifications have occurred between neigh-
boring categories (Vaccine-Critical <+ Neutral and
Neutral <+ Pro-Vaccine), rather than between the
two opposing extremes (Vaccine-Critical <> Pro-
Vaccine), which have accounted for only 20 of the
193 total misclassifications.

8 Explainability Analysis

We have applied two explainability techniques to
our gated multimodal model for vaccine stance
classification on the VaxMeme dataset:

* Integrated Gradients on token embeddings
* LIME superpixel explanations

Integrated Gradients has revealed token-level
importance by computing attribution scores along
the path from a baseline to the input embeddings.
The method has consistently highlighted vaccine-
critical keywords such as antivax and side effect
as the strongest predictors, as has been shown in
Figure 3. LIME has identified key visual regions

by perturbing image superpixels while keeping the
text input fixed, showing that symbolic imagery
and text overlays have driven CLIP ViT-L/14 pre-
dictions, as has been shown in Figure 4. Together,
both methods have confirmed that the model has
learned task-relevant multimodal cues for vaccine
stance classification.

1G | Pred: Neutral True: Neutral

0.00 0.01 0.02 0.03 0.04 0.05 0.06 007 008
1G attribution (L2 norm)

Figure 3: Integrated Gradients Token Attribution

9 Conclusion

Twitter-RoBERTa paired with CLIP ViT-L/14 un-
der gated cross-modal attention has proven the
strongest combination for vaccine-critical meme
detection. Among the design choices, domain-
specific pretraining, selective visual fusion and
weighted focal loss have contributed the most to
overall performance gains. The Neutral class has
remained the most difficult category to classify cor-
rectly. Future work could explore larger vision-
language models and multilingual training data to
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improve the system’s robustness beyond English
social media content.

Limitations

Despite strong overall results, the system has faced
limitations due to CLIP’s partial fine-tuning, which
has caused the model to miss key visual cues
in image-heavy memes. Furthermore, Twitter-
RoBERTa has struggled with multilingual content
and the Neutral class has remained the weakest per-
forming category, which has reduced the system’s
applicability beyond Twitter-style content.

Ethical Considerations

All data has been drawn from the publicly available
VaxMeme dataset and no personal data has been
collected or stored. Our work has aimed to support
public health monitoring and has been developed
as a research prototype rather than a deployment-
ready moderation tool. Any real-world use of this
system should involve human oversight and domain
expert review before application.
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Abstract

Memes on social media have emerged as a cru-
cial medium for disseminating vaccine-related
viewpoints, yet their inherent irony, metaphor,
and text-image misalignment pose significant
challenges to automatic detection. In this paper,
we propose MoEs-VaxAgent, a two-stage mul-
timodal framework for vaccine critical meme
detection. First, we design a dynamic routing
Mixture-of-Experts module capable of adap-
tively capturing multi-granular semantic cues
within memes. Second, to address hard sam-
ples located at the decision boundaries, we in-
troduce an uncertainty-aware multi-agent rec-
tification mechanism to perform a secondary
detection on samples identified with low con-
fidence in the first stage. In the EEUCA 2026
Shared Task on Multimodal Vaccine Critical
Meme Detection, our system achieved a Macro
F1-score of 0.8205, ranking 9th on the official
leaderboard. Furthermore, we discuss various
exploratory strategies evaluated during the com-
petition and provide a detailed analysis of the
model’s performance.

1 Introduction

Internet memes have emerged as a highly influen-
tial medium for information dissemination within
the public health sphere, demonstrating exceptional
virality regarding topics such as COVID-19 vac-
cination. While memes can facilitate communica-
tion and encourage positive behaviors, they also
serve as conduits for misinformation and skepti-
cism. Memes frequently employ mechanisms such
as image-text misalignment, irony, and deep cul-
tural metaphors to convey stances (Kiela et al.,
2020). These complex contextual associations and
interactions between modalities pose severe chal-
lenges for automated detection.

Existing multimodal detection methods are
broadly classified into two categories. The first
category comprises discriminative detection meth-
ods based on multimodal features. These meth-

ods typically utilize pretrained models to extract
multimodal features for classification (Wang et al.,
2020; Naseem et al., 2024). Although these ap-
proaches have yielded promising results, they gen-
erally struggle to address the highly non-linear
modal relationships inherent in memes and per-
form poorly on "metaphorical”" hard samples. The
second category involves Large Language Model
(LLM) based agent detection methods (Hwang and
Shwartz, 2023; Lin et al., 2024; Liu et al., 2025).
While agents possess robust reasoning capabilities,
performing comprehensive scans on massive so-
cial media datasets incurs prohibitive overhead and
latency, making it difficult to meet the practical
demands of large-scale public opinion monitoring.

To address these issues, we propose MoEs-
VaxAgent, a two-stage classification framework.
First, we design a dynamically routed Mixture-of-
Experts module. This module integrates five hetero-
geneous experts and utilizes a Top-k gating mecha-
nism to dynamically activate expert combinations.
Second, to further enhance detection accuracy for
hard samples, we introduce an uncertainty-aware
agent correction mechanism. The system automati-
cally identifies ambiguous samples with low confi-
dence and delegates them to a text agent, a visual
agent, and a judge agent for multi-perspective as-
sessment to generate the final result.

The main contributions of this paper are summa-
rized as follows:

* We propose MoEs-VaxAgent, a two-stage
classification framework combining a
Mixture-of-Experts model with multi-role
agents.

* We evaluate our proposed MoEs-VaxAgent in
the EEUCA 2026 Shared Task on Multimodal
Vaccine Critical Meme Detection, achieving a
Macro F1-score of 0.8205 and ranking 9th on
the official leaderboard.
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* We provide a comprehensive discussion of var-
ious exploratory strategies and conduct a de-
tailed error analysis, offering practical insights
into the challenges of multimodal stance de-
tection.

2 Background

2.1 Task objective

Shared Task on Multimodal Vaccine Critical Meme
Detection (VaxMeme) at EEUCA 2026 (Thapa
et al., 2026b; Hiirriyetoglu et al., 2026) aims to
develop models to automatically identify the stance
of vaccine-related memes. Given that memes often
convey information through image-text misalign-
ment, irony, and metaphors, models require deep
fusion of visual and textual modalities to capture
fine-grained contexts. The task is defined as a three-
class classification problem, adopting Macro F1-
score as the primary ranking metric, and Accuracy,
Precision, and Recall as auxiliary metrics.

2.2 Datasets

VaxMeme (Naseem et al., 2023; Thapa et al.,
2026a; Bhandari et al., 2023) serves as the core
benchmark dataset for this shared task. This dataset
contains over 10,000 meme samples sourced from
Twitter, with each sample consisting of an image
and its corresponding embedded text or tweet text.
It provides three fine-grained human-annotated cat-
egories, namely Pro-vaccine, Vaccine-critical, and
Neutral. Following the official standardized parti-
tion, the dataset is divided into a training set com-
prising 8,195 samples, a validation set of 1,024
samples, and a test set of 1,025 samples.

Furthermore, competition rules permit partic-
ipants to utilize external data to enhance model
generalization or facilitate transfer learning. MM-
CoVaR (Chen et al., 2021), a dataset regarding
COVID-19 vaccine information within the field,
can be employed for auxiliary research. Covering
2,593 news articles and 24,184 related tweets pub-
lished between February 2020 and March 2021,
its rich long-form narratives and detailed news re-
ports provide domain background knowledge es-
sential for comprehending short and highly context-
dependent memes.

2.3 Related work

Multimodal Analysis of Vaccine-related Memes.
Early research on vaccine-related public opinion
primarily relied on pre-trained language models

to capture textual sentiment (Zhang et al., 2020),
or utilized domain-specific knowledge graphs to
enhance the semantic understanding of vaccine-
related tweets (Lovera et al., 2021). However, the
inherent ironic nature of memes and the seman-
tic misalignment between images and text limit
the efficacy of unimodal approaches, leading re-
search to gradually shift toward multimodal frame-
works. MOMENTA (Pramanick et al., 2021) de-
tects harmful memes through global and local per-
spectives, SeTa-Attn (Wang et al., 2020) employs a
dual-attention mechanism specifically for modeling
medical misinformation, and VaxMine (Naseem
et al., 2024) reduces noise in user historical data
via a collaborative mechanism. Furthermore, re-
cent studies have also begun to extensively evaluate
the potential and risks of using LLMs for identi-
fying health misinformation (Thapa et al., 2024).
Despite these advancements, most existing meth-
ods employ static fusion strategies, which strug-
gle to adaptively weight the dynamically changing
dominance of modalities across different samples,
thereby restricting model performance when han-
dling complex image-text dependencies.

Mixture-of-Experts in Classification. As an
efficient conditional computation paradigm, the
Mixture-of-Experts (MoEs) model achieves dy-
namic routing of input data through a gating net-
work (Shazeer et al., 2017). In the multimodal
domain, this dynamic mechanism is able to effec-
tively address inter-modal heterogeneity, enabling
the model to adaptively select the optimal inference
path based on the semantic dominance within each
sample. For instance, LIMoE (Mustafa et al., 2022)
utilizes modality-specific experts to handle differ-
ences between images and text, while MMOE (Yu
et al., 2024) designs specialized interaction experts
to capture cross-modal relationships.

LLM-based Agents for Reasoning and Refine-
ment. With the evolution of Large Language Mod-
els (LLMs), utilizing LLLM-based agents for rea-
soning in complex computational social science
tasks has emerged as a significant trend (Thapa
et al., 2025). Unlike traditional classifiers, LLM-
based frameworks such as Self-Refine (Madaan
et al., 2023) and Multi-Agent Debate (Du et al.,
2023) introduce multi-role interaction and iterative
mechanisms, enabling multi-perspective scrutiny
and correction of results. This paradigm performs
exceptionally well when processing "hard samples"
that involve irony, metaphors, or require deep cul-
tural background.
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Figure 1: The overall architecture of the MoEs-VaxAgent. The framework consists of three parts: (1) Multi-
Granularity Feature Encoding: utilizing RoBERTa, CLIP, ViT, and Sentence-BERT to extract comprehensive
textual, visual, and external context features; (2) Stage 1: Dynamic Routing Mixture-of-Experts: which employs
a Top-k gating mechanism to aggregate features from five heterogeneous experts (Text, Image, Cross-Modal, CLIP,
and Context Experts) for preliminary classification; and (3) Stage 2: Uncertainty-Aware Agentic Refinement:
where samples with low confidence are automatically delegated to a collaborative agent system (Text, Image, and

Judge Agents) for final verification.

3 Methodology

3.1 Multi-Granularity Feature Encoding

To capture the rich multimodal semantics within
the dataset, we employ a diverse set of pre-trained
backbone networks for feature extraction. Specif-
ically, we utilize RoOBERTa (Liu et al., 2019) to
extract textual semantic features f.,+ and use ViT
(Dosovitskiy, 2020) to capture visual features f;;
of the images. Meanwhile, to bridge the seman-
tic gap between modalities, we utilize CLIP (Rad-
ford et al., 2021) to extract aligned representa-
tions for text and vision, denoted as f.;;, ; and
felip_v» respectively. Furthermore, we incorporate
related text segments from the MMCoVaR dataset
as external relevant knowledge and encode it using
Sentence-BERT to obtain features f.;,. Finally,
these heterogeneous features are unified into a set
F = {fberta fuits fclip_t; fclip_m fctr}a serving as
the input source for the subsequent Mixture-of-
Experts module.

3.2 Dynamic Routing Mixture-of-Experts

To effectively integrate multi-granularity features,
we design a MoEs module comprising five domain-
specific experts. Each expert E;(+) is constructed
as an independent MLP, designed to map specific
modal combinations into a unified latent space. We
utilize feature vectors of different combinations, de-
noted as x;, as inputs for the corresponding experts,
as shown in Table 1.

Table 1: The input feature configurations for the five
heterogeneous experts in the MoE module. The symbol
@ denotes the concatenation operation.

Expert Name Input (z;)

Text Expert

Image Expert
Cross-Modal Expert
Alignment Expert
Context Expert

Tl = fbert SB) .fclz'p_t
T2 = fm't S2) fclip_v
T3 = fbert 8B f’uit

Ty = fclip_t @ fclip_v
Ts = fctx

We employ a learnable gating network as a dy-
namic routing mechanism to calculate the activa-
tion weights for each expert. To reduce compu-
tational redundancy and focus on the most salient
feature perspectives, we adopt a Top-k strategy (set-
ting £ = 2 in this study) to activate only the two
experts with the highest scores. The final fused
representation h is obtained by the weighted sum
of the outputs from the activated experts, formu-
lated as h = Y~ w; E;(x;). Here, w; represents the
normalized gating score. This fused representation
is subsequently fed into a classifier for final stance
prediction.

3.3 Uncertainty-Aware Agentic Refinement

While the Mixture-of-Experts model provides a ro-
bust baseline for feature integration, it still faces
limitations when handling ambiguous samples con-
taining deep metaphors or irony. To address this,
we design an uncertainty-aware multi-agent refine-
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Table 2: Performance comparison on the EEUCA 2026 Shared Task leaderboard (Top 20).

Evaluation Indicators

Rank Participant

F1 Macro Accuracy Precision Recall

1 lili12-637947 0.8494 0.8517 0.8494 0.8517
2 wangxiuxian-637268 0.8389 0.8420 0.8386 0.8409
3 rishta_19-611897 0.8357 0.8390 0.8383 0.8359
4 _alexcristea-636983 0.8340 0.8380 0.8338 0.8351
5 sumaiya_110-594217 0.8332 0.8361 0.8345 0.8340
6 anchy-637928 0.8308 0.8341 0.8309 0.8309
7 myname-637930 0.8308 0.8341 0.8309 0.8309
8 quasar-637336 0.8306 0.8322 0.8331 0.8324
9 wenbin-634065 (Ours) 0.8205 0.8244 0.8205 0.8218
10 naturia_beast-636958 0.8201 0.8244 0.8212 0.8209
11 vinaybabu-637935 0.8184 0.8215 0.8216 0.8190
12 ratpier-637076 0.8150 0.8176 0.8170 0.8161
13 yjwong1999-494691 0.8122 0.8137 0.8189 0.8141
14 linus-637363 0.8105 0.8137 0.8106 0.8123
15 havnis-636808 0.8067 0.8117 0.8080 0.8083
16 alishba-wazir-604227 0.8067 0.8088 0.8132 0.8071
17 zmin123-553584 0.7997 0.8039 0.8005 0.8013
18 1in123-637530 0.7994 0.8039 0.7992 0.8007
19 barkion-636765 0.7976 0.7990 0.8080 0.7986
20 merrli-636903 0.7972 0.7990 0.8058 0.7982

ment mechanism. First, the system identifies “hard
samples” with low MoE prediction confidence
based on class-specific confidence thresholds (set
to 0.5 in this study). Subsequently, we construct
a Text Agent and a Visual Agent using Large Lan-
guage Models to independently analyze the text
and images within the dataset. To resolve potential
conflicts arising from uni-modal perspectives, we
introduce a “Divergence-Arbitration” strategy. If
the predictions of both agents are consistent, they
are directly adopted; otherwise, a Judge Agent is
activated to synthesize the multimodal context for
a final verdict, thereby achieving precise correction
for long-tail complex samples.

4 Experimental Setup

4.1 Data Split and Augmentation

This study utilizes the VaxMeme dataset provided
by the official EEUCA 2026 Shared Task. The
dataset partition comprises a training set of 8,195
samples, a validation set of 1,024 samples, and a
test set of 1,025 samples. In the data preprocessing
phase, we removed all URL links from the text to
reduce noise and concatenated the post_text with
the image_text to form a complete text input.
Furthermore, we employ the MMCoVaR dataset
for retrieval augmentation. To address the issue of
excessive length in MMCoVaR source texts, we
first split the texts by newline characters and fil-
tered out segments with lengths less than 100 or

greater than 1000, ensuring the semantic integrity
and moderate length of the context segments. Upon
constructing this external knowledge base, we per-
formed semantic retrieval for each VaxMeme sam-
ple, selecting the Top-k (set to £ = 3 in this study)
text segments with the highest similarity as relevant
knowledge to be input into the model alongside the
original image and text.

4.2 Implementation Details

Experiments were implemented based on the

PyTorch framework on NVIDIA GPUs. We

initialize the text, visual, and alignment en-
coders using RoOBERTa [roberta-basel!, ViT

[google/vit-base-patch16-224]1%, and CLIP

[openai/clip-vit-base-patch3213, respec-
tively. Additionally, we utilize Sentence-BERT

[sentence-transformers/all-MinilM-L6-v2]*
to process external related knowledge.

During the training phase, the model adopts the
AdamW optimizer with an initial learning rate set
to 1 x 107° and a weight decay of 1 x 1073, We
employ a Cosine Annealing strategy to adjust the
learning rate, with a minimum learning rate of 1 x
1076, The batch size is set to 64, the number of
epochs is 50, and label smoothing (¢ = 0.1) is used
to prevent overfitting.

"huggingface.co/roberta-base

Zhuggingface.co/google/vit-base-patch16-224

3huggingface.co/openai/clip—vit—base—patch32

4huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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In the multi-agent refinement phase, we invoke
the Tongyi Qianwen model via the DashScope API,
employing Qwen [gwen-plus] as the Text Agent
and Qwen-VL [gwen-v1-max] as both the Visual
Agent and the Judge Agent to handle the reasoning
and arbitration of low-confidence samples.

S Experimental Results

5.1 Leaderboard Results

We submitted the predictions of MoEs-VaxAgent
to the official evaluation platform of the EEUCA
2026 Shared Task on Multimodal Vaccine Critical
Meme Detection. The final results are presented
in Table 2, where we ranked 9th on the official
leaderboard with a Macro F1-score of 0.8205.

5.2 Benchmark Results

Given that the ground truth labels for the test set are
not publicly available, all our baseline comparison
experiments were conducted on the validation set.
To evaluate the performance of existing models in
vaccine meme detection, we tested multiple groups
of mainstream models, including uni-modal text en-
coders (BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019)), visual encoders (ResNet (He et al.,
2016), ViT (Dosovitskiy, 2020)), and multimodal
pre-trained models (CLIP (Radford et al., 2021),
SigLIP (Zhai et al., 2023)). The detailed results are
illustrated in Figure 2.
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Figure 2: Performance comparison of various baseline
models on the validation set.

Table 3: Ablation study results on the validation set. We
report Macro-F1 (F1), Accuracy (Acc), Precision (Prec),
and Recall (Rec) score.

Method F1 Acc Prec Rec
w/o CLIP 0.786 0.788 0.786 0.785
w/o Context 0.799 0.802 0.798 0.799
Text Only 0.797 0.802 0.798 0.800
Image Only 0.727 0.729 0.729 0.726
Stage 1 Only 0.814 0.816 0.813 0.815
MoEs-VaxAgent (Full) 0.825 0.828 0.825 0.826

5.3 Ablation Study

To validate the effectiveness of the key compo-
nents within MoEs-VaxAgent, we conducted a se-
ries of ablation experiments on the validation set,
as presented in Table 3. The results indicate that
methods based on multimodal features outperform
uni-modal baselines. Specifically, while text fea-
tures play a dominant role in stance determination,
visual features provide valuable complementary
information. The absence of CLIP features or ex-
ternal context leads to a decline in model perfor-
mance, demonstrating the necessity of cross-modal
aligned representations and domain background
knowledge for enhancing classification effective-
ness. Furthermore, the complete model, incorporat-
ing the uncertainty-aware multi-agent refinement
mechanism, achieves further predictive improve-
ments over the Stage 1, thereby validating the ef-
fectiveness of the overall framework.

6 Discussion

6.1 Exploration of Strategies

To explore the upper bounds of performance, we ex-
tensively evaluated a variety of mainstream strate-
gies before finalizing the proposed architecture. Al-
though certain methods yielded near-optimal re-
sults (with the highest achieving a Macro-F1 of
0.8147 and an Accuracy of 0.8185), none were
able to breach the performance bottleneck of 0.815
Macro-F1. We categorize these exploratory at-
tempts into the following three groups (listing only
primary methodologies and omitting minor varia-
tions):

Data-Centric Strategies. Focusing on data quality,
we investigated various data filtering and augmenta-
tion schemes. Counter-intuitively, results indicated
that so-called “noisy” data often constitute critical
decision boundaries; removing them compromised
data diversity and degraded performance:
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Figure 3: Visualization of model performance on the validation set. The figure displays the t-SNE feature distribution
(Left), the Confusion Matrix (Middle), and the Confidence Distribution (Right) distinguishing between correct and

incorrect predictions.

* Low-quality Data Removal: Attempting to
clean and remove data deemed low-quality
from the training and validation sets.

* Greedy Data Selection: Splitting the data into
K folds and using a greedy strategy to dynami-
cally select subsets that improve performance.

* Pseudo-labeling Self-training: Running two
rounds of models, utilizing high-confidence
predictions from the first round as pseudo-
labels for secondary training.

Model Architecture and Ensemble Variants. We
initially attempted to enhance the robustness of
discriminative models through ensemble learning
and architectural adjustments. However, we found
that while these methods increased inference costs,
they failed to fundamentally address the alignment
issues of complex multimodal semantics:

* Backbone Replacement: Substituting different
pre-trained backbones to seek better feature
representations, particularly those explicitly
fine-tuned on pandemic-related data.

e Integration of Deep Learning and Machine
Learning: Extracting deep learning features
and feeding them into traditional machine
learning classifiers such as XGBoost, KNN,
or Random Forest.

* Task Decomposition and Fusion: Transform-
ing the three-class problem into three “One-
vs-Rest” binary classifiers trained separately,
followed by weighted fusion.

Optimization Objectives and Training Strate-
gies. At the optimization level, we attempted to
improve the model’s ability to learn hard samples

by adjusting loss functions and introducing auxil-
iary tasks. However, experiments showed that mere
adjustments to optimization objectives were insuffi-
cient to bridge the cognitive gap in irony detection:

* Loss Function Improvement: Introducing Fo-
cal Loss and Supervised Contrastive Loss to
address class imbalance.

* Fine-tuning Strategies: Attempting to par-
tially unfreeze feature extractors for fine-
tuning, as well as adjusting hyperparameters
like learning rates and model dimensions.

* Multi-task Learning: Incorporating Domain
Prediction as an auxiliary task optimized
jointly with the main classification task to re-
inforce feature separability.

6.2 Analysis of Performance

We conducted a visual analysis of the model’s per-
formance in the first stage on the validation set, as
illustrated in Figure 3. The t-SNE scatter plot and
confusion matrix collectively reveal that the feature
boundaries for the Pro-vaccine category are dis-
tinct, whereas significant feature entanglement and
mutual misclassification exist between the Vaccine-
critical and Neutral categories. Furthermore, the
confidence distribution plot indicates that correct
predictions are highly concentrated within high-
confidence intervals, while erroneous predictions
are primarily distributed across low-to-medium
confidence ranges. This statistical phenomenon
underpins our ‘“‘uncertainty-aware” strategy, sug-
gesting that filtering “hard samples” located at am-
biguous boundaries via confidence thresholds and
delegating them to Agents for refinement repre-
sents an optimal balance between computational
cost and error correction efficiency.
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6.3 Cost-Benefit Analysis of Stage 2

To evaluate the cost and benefit of the Agent stage,
we analyzed the validation set consisting of 1,025
samples. The results show that only 149 samples
(about 14.5%) triggered the Agent refinement. This
means that the fast model in the first stage effi-
ciently processed over 85% of the data, keeping
the overall system latency relatively low. Among
the 149 samples that entered the second stage, the
Text and Visual Agents produced the same predic-
tion for 76 samples (about 51.0%), which were
then directly adopted. Only the remaining 73 sam-
ples with diverging predictions activated the Judge
Agent for a final decision. These figures indicate
that our Agent stage can achieve performance im-
provements at a relatively low additional cost.

7 Conclusion

In this study, we propose MoEs-VaxAgent, a mul-
timodal classification framework designed to ad-
dress the complex semantic challenges inherent
in vaccine memes. By integrating a dynamic
routing-based Mixture-of-Experts module with an
uncertainty-aware multi-agent refinement mecha-
nism, our approach not only effectively captures
multi-granularity modal features but also leverages
the reasoning capabilities of Large Language Mod-
els to successfully resolve hard samples situated at
decision boundaries. Ranking 9th in the EEUCA
2026 Shared Task demonstrates the effectiveness
of our framework in handling high-context and
ironic memes. We also document our exploratory
strategies and error analysis to share our practical
experiences.

Limitations

Overconfident Misclassification. Our multi-
agent refinement mechanism relies strictly on the
uncertainty threshold defined in the first stage. If
the MoE model assigns an excessively high confi-
dence score to an incorrect prediction, the sample
will bypass the refinement mechanism and be di-
rectly output as an error. The current system still
has room for optimization regarding confidence
calibration; relying solely on Softmax probabilities
as a metric for uncertainty may lack robustness.

Inference Latency and Computational Cost.
Although we adopted a two-stage strategy to avoid
utilizing the Agent for every sample, the feature
extraction process necessitates the concurrent ex-

ecution of multiple backbone models, such as
RoBERTa, ViT, and CLIP. Additionally, the sec-
ond stage relies on API calls to external LLMs,
which introduces inevitable inference latency and
computational overhead. Consequently, the current
framework is more suitable for offline analysis and
may face challenges in streaming media monitoring
scenarios that demand high real-time performance.
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Table 4: The specific prompt templates designed for the multi-agent refinement mechanism.

Agent Role Prompt Template
Text Agent You are an expert in public health and social media analysis. Your task is to classify the stance of COVID-19
vaccination based on the text extracted from a meme.
Input:
Text: “{text}”
Labels and Detailed Definitions:
0: Vaccine critical
o Conspiracy: Implies malicious intent by “authorities” or “pharmaceutical companies”, or contains content
related to “bioweapons”, “crimes against humanity”, etc.
o Co-opted Slogans: Uses human rights or feminist slogans to oppose vaccines, shifting the focus from
health to “resistance against control”.
o Malicious Interpretation: Shares news and adds comments implying the vaccine is a lie or ineffective.
o Natural Immunity: Mocks the necessity of vaccines, claiming natural immunity is better.
1: Neutral
e Raw News and Data: Shares news headlines, charts, etc., without explicit personal commentary.
o Relevant Information: Job postings, queuing situations, or statements like “I am waiting for my turn”
without an obvious emotional tone.
o Criticism but Unrelated to Vaccines: Complaining about “lockdowns”, “censorship”, or attacking the
mandate system rather than claiming the vaccine itself is toxic, is usually neutral.
2: Pro-vaccine
o Social Rewards: Links vaccination to returning to normal life, dating, or travel.
o Mocking Anti-vaxxers: Memes that satirize conspiracy theorists.
o Education and Progress: Debunks rumors, explains definitions, or celebrates high vaccination rates.
Visual Agent You are an expert in analyzing internet memes and visual rhetoric. Your task is to classify the stance of
COVID-19 vaccination based on the visual content and text visible in the image.
Input:
Image: “{image}”
Labels and Detailed Definitions:
0: Vaccine critical
o Conspiracy Images: Depicts sinister images of “authorities” or “pharmaceutical companies”, or visually
implies “depopulation”, “gene therapy”, or “bioweapons”.
o Visual Metaphors: Uses visual elements to associate vaccination with negative, oppressive concepts (e.g.,
control, submission).
o Screenshots with Malicious Text Overlays: News screenshots accompanied by text overlays visually
implying the vaccine is a hoax.
1: Neutral
o Untampered Screenshots/Charts: Pure news headlines, charts, or data screenshots without visual tamper-
ing or conspiracy markers.
o Simple Relevant Images: Ordinary pictures of clinic lines, job postings, or vaccine vials.
2: Pro-vaccine
o Positive Lifestyle Images: Visually links vaccines to returning to normal life (travel, social events,
hugging).
o Images Mocking Anti-vaxxers: Visually satirizes conspiracy theories.
o Education/Milestones: Infographics celebrating vaccination milestones or explaining how vaccines work.
Judge Agent  You are the final judge. The previous two experts (Text Expert and Visual Expert) disagreed. Your task is to

make the final decision on the stance of COVID-19 vaccination.
Input:

Text: “{text}”

Image: “{image}”

Labels and Detailed Definitions:

« 0: Vaccine critical. Contains conspiracy theories (textual or visual implication of malicious authorities,
bioweapons, etc.), co-opted slogans, malicious interpretation/tampering of news screenshots, or promotes
natural immunity.

o 1: Neutral. Pure news/data screenshots, unbiased logistical information like queuing/recruitment, or
solely criticizing mandate policies/censorship systems without attacking the vaccine itself.

« 2: Pro-vaccine. Promotes social rewards brought by vaccination (returning to normal life), visually or
textually mocks anti-vaxxers, or educates/celebrates vaccine progress.
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Abstract

This paper describes our system for the
EEUCA 2026 Shared Task on toxicity clas-
sification in gaming chat. We implement a
three-stage pipeline combining an ensemble of
two compact transformers (DeBERTa-v3-base,
184M; XLM-RoBERTa-base, 278M) with a
Linguistically-Informed Mediator (LIM) that
resolves inter-model disagreements through
corpus-backed lexical normalization, class-
conditional unigram scoring, multilingual pro-
fanity detection, and agentive targeting anal-
ysis grounded in speech act theory. The LIM
specifically targets the minority classes (Hate &
Harassment, Threats, and Extremism), which
are the most safety-critical categories in real-
world gaming moderation. To address the ex-
treme class imbalance (1,450:1 Non-toxic to
Extremism ratio), we introduce a two-stage
data augmentation strategy using only the pro-
vided training data. Our system achieves a
Macro F1 of 0.6441 and accuracy of 0.9062
on the official test set, ranking 3rd in Macro
F1 and Ist in accuracy among all teams. The
proposed pipeline is domain-portable: adapting
to other gaming platforms requires substituting
only the game-specific entity lexicon. Code
is publicly available at https://github.com/
Anmo12059/thaulab_EEUCA.

1 Introduction

Online gaming platforms host millions of real-time
text interactions daily, and toxic behavior in these
environments has been linked to serious conse-
quences including cyberbullying, psychological
harm, and player attrition (Parihar et al., 2021).
A recent systematic review of 64 studies confirms
that cyberbullying in multiplayer games is asso-
ciated with anxiety, depression, and social with-
drawal (Hu et al., 2025), and empirical evidence
shows that toxic behavior propagates virally among
teammates (exposure to toxic teammates increases
a player’s own toxicity likelihood by up to 30x),
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amplifying its reach when left undetected (Morrier
et al., 2024).

The EEUCA 2026 Shared Task on Gaming Tox-
icity (Thapa et al., 2026; Hiirriyetoglu et al., 2026)
introduces a six-class classification benchmark de-
rived from World of Tanks chat logs (Naseem et al.,
2025), annotated following the directed/undirected
hate speech framework of Bhandari et al. (2023).
The dataset poses three key challenges: extreme
class imbalance (81.0% Non-toxic vs. 0.06% Ex-
tremism), multilingual content spanning 10+ lan-
guages, and domain-specific lexical ambiguity
where violent vocabulary (“’kill”, “destroy”) car-
ries non-violent illocutionary force.

We implement a three-stage system combining
neural ensemble classification with a rule-based
Linguistically-Informed Mediator (LIM), follow-
ing evidence that logical rules provide complemen-
tary signal to neural hate speech classifiers (Clarke
et al., 2023; Awasthi et al., 2020). Our contribu-
tions are: (1) a two-stage augmentation strategy
(confusion-pair-driven and contrastive boundary
generation) that improves Macro F1 by +9.7% rel-
ative using only the provided data; (2) a LIM mod-
ule grounded in speech act theory (Austin, 1962;
Searle, 1969) that resolves ensemble disagreements
through four interpretable, corpus-backed com-
ponents; (3) empirical evidence that even multi-
lingual transformers exhibit residual blind spots
on domain-specific non-Latin profanity (22.6%
of Hate & Harassment contains Cyrillic); and
(4) demonstration that general-purpose toxicity
models (toxic-bert) fail catastrophically in the gam-
ing domain (Macro F1 = 0.3154), showing that
gaming chat is a distinct linguistic register that re-
quires domain-specific handling.

Related work. Recent NLP approaches to gam-
ing toxicity include domain-adaptive pretraining of
RoBERTa with match metadata for DOTA 2 and
Call of Duty (Schurger-Foy et al., 2025), and hybrid
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architectures combining LL.M-generated embed-
dings with lightweight classifiers for Twitch mod-
eration (Ansari et al., 2026). For class imbalance
in hate speech detection, Zhang et al. (2024) show
that focal loss (Lin et al., 2017) consistently yields
peak performance, motivating our loss function
choice. LLM-based data augmentation has proven
effective for hate speech minority classes (Li et al.,
2026), supporting our two-stage augmentation strat-
egy (§2.1). The GameTox dataset (Naseem et al.,
2025) additionally provides intent and slot filling
annotations, but these labels were not released for
the shared task, limiting participants to the six-
class toxicity schema. Annotation disagreement is
arecognized challenge in hate speech classification
(Dehghan et al., 2025; Bhandari et al., 2023); we
quantify its extent in this dataset in §D.

2 Task, Dataset, and Augmentation

The shared task (Thapa et al., 2026; Hiirriyetoglu
et al., 2026) requires classifying World of Tanks
chat into six categories: Non-toxic (0), Insults (1),
Other Offensive (2), Hate & Harassment (3),
Threats (4), and Extremism (5), evaluated by
Macro F1. Table 1 shows the class distribution; the
dataset contains 42,959 training, 5,367 validation,
and 5,375 test samples with extreme imbalance
(Non-toxic to Extremism ratio of 1,450:1). Mes-
sages are very short (median 2—4 tokens) and 6.9%
contain Cyrillic script, rising to 22.6% in Hate &
Harassment.

2.1 Two-Stage Augmentation

We augment minority classes without external data
using a two-stage strategy (Figure 1; prompt tem-
plates in Appendix C).

Stage A uses a seed model (M0, DeBERTa-v3-
base trained on original data) to identify confused
class pairs: for each validation sample, we record
the two highest-probability classes from MO and
flag the pair as a confusion boundary when the
second-highest probability exceeds 0.15 (set em-
pirically), indicating non-trivial model uncertainty
between the two classes (Swayamdipta et al., 2020).
This threshold was selected based on validation-
set Macro F1 evaluated across candidate values
{0.10,0.15,0.20,0.25}; 0.15 maximized minority-
class recall without introducing excess noise into
the augmentation pool, as lower values produced
near-duplicate confusion pairs while higher values
missed meaningful boundary cases. Claude Opus

% h TEST
— MO E=
| _)L < =

Train Set Validation
N A, . Set
confusion-pair selection
+ (top-K=2, threshold =
:'-prompt 0.15)
(00, H&H, Threats)
""""""""""""""""""""""""""""""""""""" aug set
: Lexical Profiling
} :-prompt (Threats, Extremism)

Figure 1: Two-stage augmentation. Stage A: confusion-
pair-driven. Stage B: contrastive boundary with lexical
profiling.

Class Original Added Final
Non-toxic 34,797 0 34,797
Insults 5,925 0 5,925
Other Offensive 1,874 34 1,908
Hate & Harassment 279 155 434
Threats 60 235 295
Extremism 24 207 231
Total 42,959 631 43,590

Table 1: Training set class distribution before and after
augmentation.

4.6 then generates synthetic samples targeting these
confusion boundaries. This yields augmentation for
Other Offensive, Hate & Harassment, and Threats.

Stage B addresses Extremism (n=24) and sup-
plemental Threats (n=60), which are too rare
for confusion-pair analysis. = We apply con-
trastive boundary augmentation: (1) mine class-
discriminative tokens at > 5x frequency ratio us-
ing P(c | w), the fraction of training messages
containing word w that belong to class ¢ (the same
statistic used in the LIM’s unigram scoring, §3.3.2);
(2) generate cross-lingual variants and unmask leet-
speak (e.g., naz1—nazi); (3) verify that generated
samples fall within valid similarity bounds to real
training data via cosine similarity in a TF-IDF sub-
space restricted to the mined discriminative vocab-
ulary.

Table 1 shows the result: 631 synthetic samples,
improving Macro F1 by +9.7% relative over MO.

3 System Architecture

Our system is a three-stage pipeline (Figure 2);
hyperparameters for all models are in Appendix A.

152



train + aug

_dw

TEST —
{ M1 J(— E=| —> M2 ‘
= )

[, ;

LIM Pipeline

& Lexical Normalization

ul Unigram Scoring P(clw)

no ~6%

M1 == M2 > Multilingual Detection

@ Agentive Targeting and others

yes ~94%
Final
Predictions

Figure 2: System pipeline. M1 (DeBERTa) and M2
(XLM-R) produce predictions; agreements (~94%) are
accepted, disagreements (~6%) are refined by the LIM.

Model F1 Acc Prec Rec
MO: DeBERTa (seed) .5234 .8945 5463 .5156
M1: DeBERTa (aug.) .5742 .8979 .6042 .5538
M2: XLM-RoBERTa .5613 .8910 .5670 .5730
M3: BERT-base 5439 8947 5252 5811
M4: toxic-bert 3154 7518 3187  .5497

Table 2: Individual model results. MO/M1 share the
DeBERTa architecture (seed vs. augmented). M1 and
M2 form the final ensemble.

3.1 Stage 1: Model Exploration and Selection

We explored four base-sized transformers, all
trained with focal loss (Lin et al., 2017) (y=2.0,
a=None). Table 2 summarizes results. We se-
lect M1 (DeBERTa-v3-base (He et al., 2023),
184M, highest F1 after augmented training) and
M2 (XLM-RoBERTa (Conneau et al., 2020), 278M,
complementary multilingual coverage) for the en-
semble. M3 (BERT-base (Devlin et al., 2019),
110M) served as a development baseline. M4
(toxic-bert (Hanu and Unitary team, 2020), 110M,
frozen backbone + MLP) achieved only 0.3154
Macro F1 despite toxicity-specific pre-training,
demonstrating that general-domain toxicity rep-
resentations do not transfer to gaming contexts,
where violent vocabulary is routinely non-toxic
and multilingual slang is pervasive. This is part of
what the LIM’s domain-specific linguistic rules are
designed to address.

3.2 Stage 2: Agreement-Based Fusion

When M1 and M2 agree (~94%), we accept the
consensus. For the ~6% disagreements, we adopt
the prediction with higher softmax probability as
the initial estimate and route to the LIM.

3.3 Stage 3: Linguistically-Informed
Mediator

The LIM refines disagreement predictions through
four sequential components. It combines neural
and symbolic processing: the ensemble captures
distributional semantics, while the LIM encodes
domain-specific linguistic facts that neural models
cannot reliably learn from limited minority-class
data. Every LIM decision traces back to a specific
rule and corpus statistic, making it auditable.

3.3.1 Corpus-Backed Lexical Normalization

We normalize test messages (lowercase, strip punc-
tuation, collapse expressive lengthening (Brody
and Diakopoulos, 2011): “hahaha”—‘haha’) and
perform exact-match lookup against train+val.
Matches with > 2 occurrences and > 60% ma-
jority agreement adopt the majority label. These
conservative thresholds directly reflect the annota-
tion noise quantified in §D.

3.3.2 Class-Conditional Unigram Scoring

Inspired by the token-level analysis of Naseem et al.
(2025), we compute P(c | w) = %ﬂf)}) for each
word w in the training vocabulary, where c is a class
label, n(w, c) is the number of messages containing
w in class ¢, and n(w) is the total count, effectively
a unigram Naive Bayes estimate. Words exceeding
a precision threshold P(c | w) > 0.80 with suffi-
cient support (n(w) > 5) serve as high-confidence
minority-class indicators (Wiegand et al., 2018).
For instance, identity-based slurs consistently map
to H&H (P=1.00), while “kys” maps to Threats
and leet-speak variants like “naz1” to Extremism.
Overrides apply only toward safety-critical classes
(3-5: H&H, Threats, Extremism), prioritizing pre-
cision to avoid false escalation.

3.3.3 Multilingual Profanity Detection

While M2 (XLM-RoBERTa) handles multilingual
tokenization, our validation analysis revealed that
both M1 and M2 still misclassify domain-specific
non-Latin profanity, particularly terms rare even in
XLM-R’s 100-language pre-training. We applied
the same statistics to non-Latin tokens, flagging
words where P(toxic | w) = 1 — P(Non-toxic |
w) > 0.80 but both models predicted Non-toxic.
This yielded an empirically-validated multilingual
lexicon organized by language family: East Slavic
(Russian, Ukrainian), West Slavic (Polish, Czech),
and other (Turkish, Hungarian, German). Reclas-
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sification follows targeting: player-directed — In-
sults; game-directed — Other Offensive.

3.3.4 Agentive Targeting and Pragmatic
Refinement

Drawing on speech act theory (Austin, 1962;
Searle, 1969), we formalize the targeting function
7(m). Let T denote the set of tokens flagged as
toxic by the preceding LIM components (unigram
scoring and multilingual detection). For a message
m containing a toxic tokent € T

OTHER-DIR ifdpe Ph:p<t

) SELF-DIR ifdpe Pr:p<t

m(m) = ENTITY-DIR ifdee F:e<t
UNTARGETED otherwise

(D
where P»/P) are second/first-person pronoun sets
(English and Russian), F is a Game-Specific Entity
(GSE) lexicon covering vehicles (400+ tanks), me-
chanics (rng, arty, cap), map locations (Himmels-
dorf, hill, banana), and game roles (light, heavy,
TD), and < denotes linear precedence in the mes-
sage. Table 3 maps targeting types to labels.

7(m) Signal g
OTHER-DIR P> + T (you + insult) Insults
SELF-DIR P + T (I + insult) Non-toxic
ENTITY-DIR E + T (arty + profanity)  Other Off.
UNTARGETED T only Non-toxic

Table 3: Targeting function 7(m). E = GSE lexicon.
Based on speech act theory (Searle, 1969).

This component also applies censored-text re-
covery ([GSE] + [*x*x] — Non-toxic) and im-
plicit word sense disambiguation: “kill that Tiger”
(GSE — Non-toxic) vs. “kill yourself” (person —
Threats) (Firth, 1957).

4 Results and Discussion

Table 4 shows incremental results on the official
test set. The ensemble improves over the best single
model through complementary coverage, and the
LIM further refines the ~6% disagreements, with
the largest contribution from unigram scoring (Ta-
ble 4). The LIM’s impact is concentrated in safety-
critical minority classes, where high-precision cor-
rections ensure that identity-based hate, threats,
and extremist content are not missed by the neural
ensemble.

Our system ranks 3rd in Macro F1 (0.6441) but
achieves the highest accuracy (0.9062) among all

System F1 Acc Prec Rec

Best single (M1) 5742 8979  .6042  .5538

M1+M2 ensemble 6032 9059 5713 6579
+ Lex. norm. 6107 9057 5782  .6591
+ Unigram scoring  .6221 9044  .5964 .6559
+ Multilingual 6256 9047 5970 .6626
+ Targeting & ref.  .6441 9062 .6334 .6601

Table 4: Incremental ablation. Top: models. Bottom:
LIM components applied to ~6% disagreements. Full
LIM includes targeting, censored-text recovery, and
boundary enforcement.

participating teams, indicating the fewest total er-
rors; the F1 gap to the top-ranked systems (0.7041,
0.6725) is concentrated in minority class recall.
Annotation noise accounts for part of this ceil-
ing: 340 unique messages carry conflicting labels
across 7,416 training samples (17.3%), with the
Non-toxic <> Insults boundary alone responsible
for 6,455 conflicting samples, reflecting the same
ambiguity between a playful insult and a genuine
attack that makes this boundary the hardest to learn.
Multilingual blind spots persist even with XL.M-
RoBERTa: domain-specific Cyrillic profanity is
concentrated at 22.6% of H&H messages (3.5 X%
the dataset average), reflecting the prevalence of
Russian and Ukrainian identity-based slurs that fall
outside standard multilingual pre-training corpora.
Domain gap: the toxic-bert result (F1 = 0.3154 vs.
0.5439 for vanilla BERT) shows that Twitter/Reddit
toxicity pre-training actively hurts gaming perfor-
mance by associating GSE terms with toxicity.

We presented thaulab’s system for the EEUCA
2026 GameTox Shared Task, achieving Macro F1
of 0.6441 (3rd) and the highest accuracy (0.9062)
using exclusively base-sized models and no ex-
ternal data. The pipeline is adaptive by design:
augmentation targets the boundaries the model
struggles with, and the LIM concentrates correc-
tions on Extremism, Threats, and H&H, cate-
gories where misclassification causes real harm
beyond any leaderboard metric. The three-stage
framework generalizes to other gaming platforms
with only GSE lexicon substitution. Key findings:
(1) symbolic mediation on ensemble disagreements
improves safety-critical minority-class detection;
(2) multilingual transformers retain blind spots on
domain-specific profanity; (3) agentive targeting
distinguishes toxic intent from benign game com-
munication; (4) general toxicity models fail in gam-
ing contexts.
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Limitations

The LIM relies on simple symbolic methods (lexi-
con lookup, unigram statistics, pronoun-based tar-
geting) rather than learned components. While
this trades off flexibility for explainability, since
every correction traces back to a specific corpus
statistic or linguistic pattern, it likely leaves per-
formance on the table. We set strict thresholds
throughout (e.g., P(c | w) > 0.80, majority agree-
ment > 60%) and have not yet explored relaxing
them per class or per confidence region. The four
LIM components are applied in a fixed sequential
order without searching over alternative orderings,
and the LIM currently operates only on the ~6%
of samples where M1 and M2 disagree; extend-
ing symbolic mediation to the full prediction set
could improve coverage but risks false positives at
the noisy majority-class boundaries. On the aug-
mentation side, all synthetic data was generated
using Claude Opus 4.6, a safety-aligned model that
may undergenerate realistic toxic content due to its
content filtering; less restricted models (e.g., Grok)
could potentially yield more naturalistic minority-
class samples, particularly for Extremism where
only 24 original samples exist. Finally, the multi-
lingual lexicon is manually curated and incomplete
for unrepresented languages, the GSE lexicon is
specific to World of Tanks, targeting analysis can-
not resolve implicit targeting or zero pronouns in
pro-drop languages, and we could not experiment
with larger backbone models due to time and com-
pute constraints.

Ethics Statement

This work classifies toxic language including slurs
and profanity in multiple languages. Examples
are reported solely for scientific reproducibility.
Our multilingual profanity lexicon is compiled for
research purposes only.
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A Hyperparameter Configuration

Table 5 lists the model-specific train-
ing configuration for all four architec-
tures. The pre-trained checkpoints are
microsoft/deberta-v3-base (M0O/M1),
xlm-roberta-base (M2), bert-base-uncased
(M3), and unitary/toxic-bert (M4). All
models share the same base settings: focal loss
with focusing parameter v = 2.0 and no class
balancing (o« = None), maximum sequence length
of 64 tokens, batch size 32, 5 training epochs,
AdamW optimizer with weight decay 0.01, and
random seed 42.

While M2 and M3 natively instantiate in single-
precision (float32), the DeBERTa-v3 check-
points (MO/M1) are natively stored in half-
precision (float16). We observed that fine-tuning
DeBERTa-v3 in float16 resulted in catastrophic
gradient collapse (NaN loss) during the initial train-
ing steps, a known instability caused by arithmetic
overflow within DeBERTa’s Disentangled Atten-
tion matrices, where intermediate activation val-
ues exceed the float16 maximum representable
limit. To resolve this, we explicitly upcast the
DeBERTa weights to float32 during initializa-
tion, providing sufficient numerical stability for
the attention mechanism to converge. We addition-
ally tested v = 2.5, dynamic « (inverse class fre-
quency), and a two-stage hierarchical approach (bi-
nary toxic/non-toxic classification followed by fine-
grained 6-class prediction within the toxic branch).
All alternatives yielded marginal differences (A
Macro F1 < 0.005), so we standardized the sim-
plest configuration for reproducibility across all
architectures.

B LIM Component Details

Table 6 lists all LIM thresholds, selected on the
validation set and held fixed during test evaluation.
The lexical normalization majority threshold was
set at 60% rather than 50% because lower values
introduced false corrections at the noisy Insults
<> Other Offensive boundary. The unigram pre-
cision cutoff of P > 0.80 was chosen because at
P > 0.70, ambiguous terms (e.g., “monkey” at
P(H&H)=0.75) triggered false positives; raising
to 0.80 retains only unambiguous high-precision
tokens. These thresholds are intentionally strict
for the competition setting and can be relaxed for
higher-recall deployment.

Throughout the LIM, we enforce annotation-

guideline boundaries (Naseem et al., 2025):
identity-based slurs — H&H; 2nd person + non-
identity insult — Insults; profanity without per-
sonal targeting — Other Offensive; game callouts
and GSE terms — Non-toxic; directed violence +
personal target — Threats; political ideology and
recruitment — Extremism.

C Augmentation Pipeline

Toxic vocabulary mining. Class-conditional un-
igram probabilities P(c | w) are computed as de-
scribed in §3.3.2. For augmentation, we addition-
ally flag class-discriminative tokens using the fre-
quency ratio % > 5, where N, and N are
class and corpus sizes respectively; this yields a
focused toxic vocabulary substantially smaller than
the full ~30K vocabulary, defining the TF-IDF sub-
space for similarity gating below.

Before computing any statistics, all text under-
goes leet-speak normalization to unmask common
obfuscation patterns prevalent in gaming chat. The
character substitution mappings are: 0—o, 1—1,
3—e, 4—a, 5—s, 7—t, @—a, $—s. This normal-
ization is applied consistently in both the augmenta-
tion pipeline (for seed term selection and similarity
verification) and the LIM (for unigram scoring and
multilingual detection at inference time).

Cosine similarity gating in the toxic subspace.
To verify that generated samples are linguistically
consistent with real training data, we project both
real and synthetic utterances into a toxic-only TF-
IDF subspace. Rather than computing TF-IDF
vectors over the full ~30K vocabulary (which pro-
duces extremely sparse, high-dimensional vectors
for short gaming messages of 2—4 tokens), we
restrict the vocabulary to only the mined class-
discriminative terms. This projection substantially
reduces dimensionality and eliminates the sparsity
problem inherent in full-vocabulary TF-IDF for
short texts. Cosine similarity between each gener-
ated sample and its nearest real training neighbor
in this subspace serves as a geometric filter: sam-
ples that fall below a minimum similarity thresh-
old are rejected as out-of-distribution, while sam-
ples above a maximum threshold are rejected as
near-duplicates of existing training data. This dual-
threshold approach ensures that generated samples
are close enough to the training distribution to be
realistic, yet sufficiently novel to provide genuine
augmentation value.
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Parameter MO0/M1 (DeBERTa-v3) M2 (XLM-RoBERTa) M3 (BERT) M4 (toxic-bert)
Total Parameters 184M 278M 110M 110M
Trainable Parameters 184M (full) 278M (full) 110M (full) ~200K (MLP only)
Training Paradigm Full fine-tune Full fine-tune Full fine-tune Frozen backbone + MLP
Learning Rate 1x107° 2x107° 2x107° 1 x 1073 (MLP)
Warmup Steps 10% of total 0 0 0

Weight Initialization float32 (upcast) float32 (native) float32 (native) float32 (native)

Table 5: Model-specific training hyperparameters. MO and M1 share the identical configuration; MO is trained on

the original training set, M1 on the augmented set.

Component Parameter Value
Lex. Norm. Min occurrences >2
Majority threshold > 60%
Normalization Lower, strip,
dedup (> 3)
Unigram P(c | w) cutoff > 0.80
Min support n(w) > 5
Direction Minority 1 only
Freq. ratio > 5x baseline
Multilingual ~ Languages 10+
Mining criterion P(toxic | w) > 0.80
+ both models wrong
Reclassification Targeting-sensitive
Targeting Pronoun sets EN, RU
GSE lexicon F Vehicles (400+),

mechanics, maps, roles

Censored pattern [GSE] + [**%*]

Table 6: LIM thresholds. All selected on the validation
set.

Generation API configuration. All synthetic
samples were generated using the Claude Opus
4.6 API (claude-opus-4-6-20250514). We used
a temperature of 1.0 to encourage lexical diversity
across generated samples, max_tokens = 2048,
and top_p = 1.0 (no nucleus truncation). No ad-
ditional system-level parameters were set beyond
the defaults; the full generation behavior is gov-
erned solely by the prompt templates below. These
settings are fixed across both Template A and Tem-
plate B calls to ensure reproducibility.

Template A: Confusion-pair-driven generation.
For classes identified through the seed model’s
(MO) prediction uncertainty, we provide the lan-
guage model with the target class definition, rep-
resentative seed examples from the training set,
and the specific confused class pair that the model
struggles with:

You are a data augmentation assistant

for a toxicity classification dataset

derived from World of Tanks in-game

chat. Your task is to generate realistic

synthetic chat messages for a specific
toxicity class.

Target class: {CLASS_NAME}
Class definition: {CLASS_DEFINITION}

The class definitions follow the
annotation guidelines from the GameTox
dataset (Naseem et al., 2025):

- Hate and Harassment: Identity-based
hate or harassment (racism, sexism,
homophobia)

- Threats: Threats of violence, physical
safety, terrorism, or doxxing
- Extremism: Extremist
grooming/recruitment for
groups

- Insults and Flaming: Insults or
attacks not based on identity

- Other Offensive: Offensive content
not covered by the above categories

- Non-toxic: Neutral game communication

views,
extremist

Seed examples from the training data:
{SEED_EXAMPLES}

Confused with: {CONFUSED_CLASS}
(our classifier frequently confuses
{CLASS_NAME} with {CONFUSED_CLASS})

Requirements:

1. Generate exactly 20 new chat messages
that CLEARLY belong to {CLASS_NAME} and
NOT to {CONFUSED_CLASS}.

2. Each message should be 1-8 words long
(typical length in game chat).

3. Include common gaming abbreviations,
slang, and informal spelling.

4. Include multilingual variants where
appropriate (Russian, Polish, Turkish,
German) .

5. Each message must be unambiguously
classifiable by a human annotator
following the guidelines above.

6. Do NOT repeat or closely paraphrase
the seed examples.

7. Output one message per line with no
numbering or formatting.

Template B: Contrastive boundary augmenta-
tion. For extreme minority classes (Extremism
with only n = 24 training samples, and supple-
mental Threats with n = 60) that are too rare to
appear reliably in confusion-pair analysis, we pro-
vide discriminative keywords mined from the train-
ing set along with explicit instructions to generate
boundary-proximal samples:

You are a data augmentation assistant for
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a toxicity classification dataset from
World of Tanks in-game chat.

Target class: {CLASS_NAME}
Class definition: {CLASS_DEFINITION}

Adjacent (easily confused) class:
{ADJACENT_CLASS}
Adjacent class definition:

{ADJACENT_DEFINITION}

Discriminative keywords for {CLASS_NAME}
(statistically mined from training data,
P(class|word) >= 0.80):
{HIGH_P_KEYWORDS}

Existing training examples of
{CLASS_NAME}:

{SEED_EXAMPLES}

Requirements:

1. Generate exactly 20 new messages
that belong to {CLASS_NAME}.

2. CRITICAL: Messages must be

CLOSE to the decision boundary with
{ADJACENT_CLASS}. They should be
challenging to classify, but still
clearly {CLASS_NAME} according to the
annotation guidelines.

3. Include cross-lingual variants
(Russian, Polish, Turkish, German).

4. Vary message length (1-8 words).

5. Each message should be
distinguishable from {ADJACENT_CLASS}
ONLY by the specific class-defining
linguistic feature (e.g., identity
targeting for H&H vs. skill targeting
for Insults, or political ideology for
Extremism vs. identity hate for H&H).
6. Do NOT repeat seed examples.

7. Output one message per line with no
numbering.

Generation results and quality control. Tem-
plate A yielded 34 Other Offensive, 155 Hate &
Harassment, and a portion of the Threats samples.
Template B yielded all 207 Extremism samples and
supplemental Threats samples, for a combined total
of 631 synthetic samples. All generated samples
underwent three quality control steps: (1) cosine
similarity gating in the toxic TF-IDF subspace to
reject out-of-distribution and near-duplicate genera-
tions; (2) exact and near-duplicate removal against
the original training set to prevent data leakage; (3)
manual spot-checking of a random 10% subset for
label consistency with the annotation guidelines.
Class definitions in both templates were drawn di-
rectly from the annotation guidelines of Naseem
et al. (2025).

D Annotation Noise Analysis

A key challenge in the GameTox dataset is annota-
tion inconsistency at class boundaries. We identify
340 unique normalized messages that appear with
conflicting labels across their multiple occurrences

in the training set, collectively affecting 7,416 indi-
vidual training samples (17.3% of the dataset). This
inconsistency arises because identical text appears
in different game sessions and receives different
annotations each time. For instance, a player typ-
ing “wtf” in one match may be reacting to an unfair
death (Other Offensive), while in another match the
same message is interpreted as a neutral exclama-
tion (Non-toxic). This is not a failure of multiple
annotators disagreeing on a single instance; rather,
it reflects the genuine context-dependence of short
gaming messages.

Table 7 shows representative examples. The col-
umn 7 indicates the total number of times that nor-
malized message appears in the training set across
all game sessions. The label distribution shows the
percentage of those n occurrences assigned to each
class.

Cyrillic script prevalence by class

Non-toxic - @ 6.6%
Insults A @ 8.3%
Other Off, o=@ 6.4%
H&H /p 22.6%
Threats @ 8.3% 3.5x higher than
average (6.9%)
Extremism - @ 4.2%

0 5 10 15 20 25
% containing Cyrillic script
Figure 3: Cyrillic-script prevalence by toxicity class.
Hate & Harassment contains 3.5x more Cyrillic content
than the dataset average (6.9%), indicating that non-

Latin-script profanity is structurally concentrated in the
most severe toxicity category.

Message n  Label Distribution

gg 2,703  NT: 99.9%, Ins: 0.1%

wtf 208 0OO0: 77.4%, NT: 22.1%, Ins: 0.5%
cap 192  NT: 96.4%, O0: 2.1%, Ins: 1.6%
arty 189 NT:97.4%, Ins: 2.6%

idiot 101  Ins: 94.1%, NT: 5.0%, OO: 1.0%
ffs 55 00: 80.0%, NT: 16.4%, Ins: 3.6%

Table 7: Annotation noise examples. n = total occur-
rences in training data. The same normalized text re-
ceives different labels across game sessions. NT = Non-
toxic, Ins = Insults, OO = Other Offensive.

Figure 4 visualizes the magnitude of annota-
tion conflicts across all class pairs. Each bub-
ble represents a pair of classes; the bubble size
and color intensity are proportional to the num-
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ber of training samples where the same message
receives labels from both classes. The Non-toxic
> Insults boundary dominates with 6,455 conflict-
ing samples, reflecting the fundamental ambigu-
ity between a playful insult and a genuine attack
in gaming chat. The Non-toxic <+ Other Offen-
sive boundary (1,528 samples) and the Insults >
Other Offensive boundary (958 samples) are the
next most noisy. Notably, minority class bound-
aries (involving H&H, Threats, or Extremism) ex-
hibit minimal noise, because the linguistic signals
for these classes (identity-based slurs, directed vio-
lence, political ideology) are more distinctive and
less context-dependent.

This noise pattern directly informs the LIM
design: we use conservative thresholds (> 60%
majority agreement) for the noisy majority-class
boundaries, while applying more aggressive correc-
tions for minority classes where annotation agree-
ment is near-unanimous.

Annotation inconsistency
(samples with conflicting labels)

Non-toxic - 1,528 23 2

O/
Insults A 958 12
Other Off. §
H&H A

Threats -

Extremism -

SRR PR, S e
xoF N & o
o W o‘“e{ AR Q}x@“

Figure 4: Annotation inconsistency across all class pairs.
Bubble size reflects the total number of training samples
where identical normalized messages receive conflicting
labels from the two classes. The Non-toxic <+ Insults
boundary dominates at 6,455 conflicting samples, illus-
trating the context-dependent nature of short gaming
messages.

E Multilingual Content Analysis

Figure 3 shows the proportion of Cyrillic-script
messages by toxicity class. The 22.6% concen-
tration in Hate & Harassment (compared to a
6.9% dataset average, a 3.5 difference) reflects
the prevalence of Russian and Ukrainian identity-
based profanity systems, collectively known as mat,

which include some of the strongest and most tar-
geted slurs in the Slavic language family. Beyond
Cyrillic, the dataset contains content in Polish and
Czech (0.30% of training data), Turkish (0.31%),
and Hungarian (0.30%). In the test set, 389 mes-
sages (7.2%) contain Cyrillic script, 22 contain
Turkish characters, and 17 contain Polish/Czech
characters.

Why XLM-RoBERTza is insufficient. A natu-
ral question is why the LIM’s multilingual lexi-
con is needed given that M2 (XLM-RoBERTa) is
pre-trained on 100 languages including Russian,
Ukrainian, Polish, and Turkish. The answer lies in
the distinction between general-vocabulary multi-
lingual competence and domain-specific profanity
detection. XLM-RoBERTa’s pre-training corpus
(CommonCrawl) contains formal and semi-formal
text, but underrepresents the specific register of
gaming chat profanity: context-dependent slurs
that are used as identity-based attacks in one con-
text and as general frustration in another, obfus-
cated forms of profanity, and compound insults
that combine multiple languages within a single
utterance. Our validation analysis confirmed this
empirically: we identified tokens where P(toxic |
w) = 1 — P(Non-toxic | w) > 0.80 in the train-
ing data, yet both M1 (DeBERTa) and M2 (XLM-
RoBERT?4) predicted Non-toxic on the validation
set. The LIM’s multilingual lexicon targets pre-
cisely these residual blind spots, not as a replace-
ment for XLM-RoBERTa’s multilingual capacity,
but as a domain-specific complement to it.
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Abstract

This paper presents our lst-place system for
the Shared Task on Fine-Grained Toxicity De-
tection in Online Gaming (GameTox) at the
9th EEUCA Workshop, co-located with ACL
2026. The task targets 6-class fine-grained
toxic intent classification on the official Ga-
meTox dataset, comprising 53,000 real-world
World of Tanks chat utterances. We propose
a three-stage progressive training framework
built on XLM-RoBERTa-large: (1) gaming do-
main adaptive MLM pre-training, (2) multilin-
gual toxicity transfer fine-tuning, and (3) su-
pervised contrastive learning (SCL)-enhanced
target task tuning. We further incorporate LLM-
driven data augmentation and long-tailed class
synthesis. Our system achieves a Macro F1
of 0.7041, ranking 1st among 35 teams. Ab-
lation studies validate each module’s contri-
bution, and we release our code to facilitate
follow-up research.

1 Introduction

Online gaming has become a dominant form of
global digital social interaction, with billions of
users engaging in real-time chat daily. However,
the anonymity of in-game environments enables
the proliferation of toxic behaviors—insults, ha-
rassment, threats, and extremist speech—causing
significant harm to user well-being and platform
governance (Parihar et al., 2021). Unlike toxicity
on mainstream social media, in-game chat utter-
ances are ultra-short, filled with domain-specific
slang, abbreviations, and highly informal expres-
sions, rendering general toxicity detection models
ineffective at capturing implicit fine-grained toxic
intent (Naseem et al., 2025).

This work addresses the GameTox Shared Task
(Thapa et al., 2026) at the 9th EEUCA Workshop
(Hiirriyetoglu et al., 2026). The task is a 6-class

*Co-corresponding authors.

csyuwang@tongji.edu.cn shengjiezhao@tongji.edu.cn

single-label classification problem on the Game-
Tox dataset (Naseem et al., 2025): Non-toxic (0),
Insults and Flaming (1), Other Offensive Texts (2),
Hate and Harassment (3), Threats (4), and Extrem-
ism (5), following the annotation schema from
Bhandari et al. (2023). Systems are ranked by
Macro Fl1-score, which assigns equal weight to
all categories, emphasizing low-resource high-risk
classes.

Three core technical challenges motivate our
work: (i) Domain shift—standard PLMs are pre-
trained on formal long-form corpora, producing
insufficient feature extraction for game chat’s se-
mantic sparsity; (ii) Extreme long-tailed dis-
tribution—over 70% of samples are Non-toxic
while three high-risk minority classes account for
less than 5% combined, causing models to favor
majority classes; (iii) Blurred category bound-
aries—distinguishing semantically adjacent cate-
gories (e.g., Insults vs. Other Offensive) requires
intent-level feature discrimination beyond surface
keywords.

To address these challenges, we propose a three-
stage progressive training framework on XLM-
RoBERTa-large, incorporating domain-adaptive
MLM pre-training, multilingual toxicity transfer,
and SCL-enhanced fine-tuning with a dual-head ar-
chitecture. We further introduce LLM-driven data
augmentation and long-tailed class synthesis. Our
final system achieves Macro F1 = 0.7041, outper-
forming the best competitor by 3.16 absolute points
and the vanilla XLM-RoBERTa-large baseline by
8.92 points. Our code is publicly available.

2 Task, Dataset & Related Work

2.1 Task Definition

GameTox (Thapa et al., 2026) is a 6-class single-
label classification task. Given a game chat utter-
ance, the model predicts its toxic intent label (0-5).

"https://github.com/oosyh/syuhhh-EEUCA2026
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The official evaluation metric is Macro F1-score,
which neutralizes the majority-class bias of stan-
dard accuracy metrics and places equal emphasis
on rare but high-risk toxic categories.

2.2 Dataset Overview

The GameTox dataset (Naseem et al., 2025) con-
tains 53,000 human-annotated utterances from
World of Tanks—the largest and most fine-grained
gaming toxicity benchmark to date. Two charac-
teristics pose critical challenges: (1) extreme long-
tailed distribution (70%+ Non-toxic; minority toxic
classes <5% combined); and (2) severe semantic
sparsity (average utterance length: 12 tokens, dense
with in-game slang and abbreviations).

2.3 Additional Data Resources

We use two types of publicly available resources
beyond the official training set:

Gaming Domain Corpus (Stage 1). We con-
struct a combined corpus from: (1) the public Dota
2 in-game chat dataset (Raman et al., 2021); (2)
a self-constructed multi-game balanced chat cor-
pus; and (3) Twitter toxic comment datasets from
gaming communities (Davidson et al., 2017). This
corpus aligns the model’s vocabulary and syntax
representations with game chat scenarios.

Jigsaw Multilingual Dataset (Stage 2). We
use the Jigsaw 2018 Toxic Comment dataset and
its multilingual translations (Jigsaw/Conversation
Al 2018, 2020), covering 5 languages with 6-
dimensional toxicity labels—highly consistent with
our target task. For English, we retain all toxic
samples and downsample non-toxic to 100,000; for
non-English, we retain all toxic and sample 10% of
non-toxic to maintain cross-lingual context without
diluting toxic signal.

2.4 Related Work

Toxicity detection has evolved from manual fea-
ture engineering to PLM fine-tuning, with XLM-
RoBERTa establishing strong baselines across mul-
tilingual toxic benchmarks (Parihar et al., 2021).
For gaming toxicity, prior work has highlighted
domain shift as the primary limiting factor, with
GameTox being the most comprehensive bench-
mark (Naseem et al., 2025).

Intent-aware modeling has demonstrated ef-
fectiveness in related structured prediction tasks.
Wang and Zhao (2026) show that modeling behav-
ioral intention via anomaly-connected components

substantially improves fine-grained detection un-
der weak supervision—a finding that motivates our
intent-level feature discrimination approach. Build-
ing on this line of work, event completeness mod-
eling and local semantic signal extraction have fur-
ther advanced weakly-supervised video understand-
ing (Wang and Chen, 2026; Wang et al., 2026). Se-
mantic query-based and action-semantic consistent
approaches to temporal localization (Wang et al.,
2025, 2024) similarly demonstrate that aligning
feature representations with intent-level semantics
is critical for fine-grained categorization under an-
notation constraints, a principle we adopt in our
contrastive learning design.

Supervised contrastive learning (SCL) has
proven effective for imbalanced classification by di-
rectly optimizing feature space structure; few-shot
recognition approaches (Liu et al., 2026) further
demonstrate the value of semantic-temporal repre-
sentation for low-resource scenarios analogous to
our minority toxic classes. LLM-based semantic
augmentation has also addressed short-text spar-
sity in low-resource scenarios (Thapa et al., 2025).
Cross-domain collaborative modeling with spatio-
temporal fusion (Wang et al., 2022) additionally
inspires our multi-stage training pipeline design.

3 System Methodology

Our framework (Figure 1) systematically aligns
XLM-RoBERTa-large from general language un-
derstanding to game chat domain, then to fine-
grained toxic intent classification.

3.1 Backbone: XLM-RoBERTa-large

We select XLLM-RoBERTa-large for three reasons:
(1) pre-training on 2.5T tokens across 100+ lan-
guages naturally supports multilingual game chat
and cross-lingual transfer; (2) it is the state-of-the-
art backbone for toxicity detection, with superior
informal-text feature extraction; (3) its transformer
architecture is fully compatible with MLM pre-
training, classification fine-tuning, and SCL.

3.2 Stage 1: Gaming Domain Adaptive MLM
Pre-training

Motivation. PLMs pre-trained on formal cor-
pora suffer significant domain shift on game chat
texts—ultra-short, slang-rich, and abbreviation-
dense. Stage 1 adapts the model to game chat’s
unique linguistic distribution.
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Overall Architecture of Game Chat Toxicity Detection Based on Multi-Stage
Domain-Adaptive Pre-Training and Supervised Contrastive Learning
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Figure 1: Overall architecture of our three-stage progressive training framework. The pipeline covers domain
adaptive pre-training (Stage 1), multilingual toxicity transfer fine-tuning (Stage 2), SCL-enhanced end-to-end

fine-tuning (Stage 3), and targeted optimization strategies.

Implementation. We perform standard MLM
(masking probability 0.15) on our combined gam-
ing corpus. Key configuration is in Table 1. We
set the max sequence length to 128, well-suited
to short game utterances, enabling the model to
capture domain-specific slang and syntax without
excessive padding.

Table 1: Gaming domain MLM pre-training configura-
tion.

Hyperparameter Value

Backbone XLM-RoBERTa-large
Max Seq Length 128

MLM Masking Prob 0.15

Global Batch Size (4 GPUs) 128

Learning Rate 2e-5

Training Epochs 3

AdamW (A\=0.01)
FP16

Optimizer
Mixed Precision

3.3 Stage 2: Multilingual Toxicity Transfer
Fine-tuning

Motivation. The limited and imbalanced Ga-
meTox training set risks over-fitting on majority
classes. Stage 2 injects generalizable toxic seman-
tic knowledge via large-scale multilingual supervi-
sion before target task adaptation.

Implementation. We fine-tune on the mixed Jig-
saw multilingual dataset (Table 2) using multi-
label binary cross-entropy loss, with max sequence
length 224 (compatible with longer Jigsaw sam-
ples), learning rate 2e-5, 2 training epochs, and
warmup ratio 0.1. Model selection is based on
validation Macro AUC.

3.4 Stage 3: SCL-Enhanced End-to-End
Fine-tuning

This stage directly targets the 6-class GameTox
classification. A dual-head model (Figure 1) pro-
cesses each utterance through: (1) the XLM-
RoBERTa encoder producing a [CLS] pooled em-
bedding; (2) a Classification Head (linear layer,
6-class logits); and (3) a Projection Head (2-layer
MLP with ReLU, 128-dim normalized embedding
for SCL).

Joint Loss Function. We combine class-
balanced cross-entropy and supervised contrastive
loss:

Lioal = (1 =) Lce + aLscL, a=0.3 (1)

Lcg uses class weights inversely proportional to la-
bel frequency, counteracting long-tailed bias. LscL
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Table 2: Data distribution of the multilingual transfer fine-tuning dataset.

Language Original Samples Toxic Samples Final Retained

English (Anchor) 159,571 16,225 116,225

Russian 159,571 16,225 30,560

Turkish 159,571 16,225 30,560

Spanish 159,571 16,225 30,560

French 159,571 16,225 30,560

Total 797,855 81,125 238,465
with temperature 7=0.07 is: Minority-Focused Model Ensemble. To fur-
ther improve coverage on low-resource toxic cat-
1 1 elzizp) /T egories (classes 3-5), we construct a targeted

LsoL =%

WE

i=1

2

where z; is the normalized projection embedding

of sample i, P(7) the set of same-label samples,
and A(i) all other samples in the batch.

Training Configuration. Max sequence length:
96 (suited to ultra-short utterances); batch size: 32
per device; epochs: 5; layer-wise LR: 1e-5 (en-
coder), 5e-5 (heads); AdamW with weight decay
0.01; linear warmup (10%) with linear decay; gradi-
ent clipping at 1.0. Validation set: 10% of training
data via stratified split.

3.5 Targeted Optimization Strategies

LLM-Driven Short Text Augmentation. We
use an LLM to enrich ultra-short game chat sam-
ples by adding plausible game scenario context
while preserving the original toxic intent, bridging
the gap between 12-token utterances and the longer
inputs expected by Stage 2’s pre-trained represen-
tations. The exact prompt template is provided in
Appendix A.

Long-Tailed Class Data Synthesis. For minor-
ity categories (classes 3-5), we use an LLM API
to generate high-quality synthetic samples with
prompts conditioned on semantic features, toxi-
city type, and game context. To ensure quality,
generated samples are manually spot-checked and
filtered to remove semantically inconsistent or out-
of-distribution instances.

Threshold Optimization. Post-training, we ap-
ply the Nelder-Mead algorithm on validation pre-
dictions to optimize per-class decision thresholds,
directly maximizing Macro F1 and correcting resid-
ual majority-class prediction bias.

1P| Z 10g ZiZa)/T
P pEP(4) Z‘IEA(Z') el#iza)/

three-component ensemble. For minority-class pre-
dictions, we fuse the outputs of our three-stage
XLM-RoBERTa system, ToxicBERT (Caselli et al.,
2020), and LLM-generated classification results
on minority-class samples, with each component
weighted by its per-class F1 on the validation
set. For majority classes (0-2), we retain the
predictions of our primary XLM-RoBERTa sys-
tem directly, avoiding ensemble dilution on well-
represented categories. Importantly, LLM infer-
ence for the ensemble is conducted offline in batch
mode prior to final prediction assembly, rather than
in real-time; this design avoids deployment latency
while retaining the classification signal from the
LLM. The exact prompt used for this classification
step is provided in Appendix A.

4 Experimental Setup

Environment. All experiments are implemented
with PyTorch (Paszke et al., 2019) and Hugging
Face Transformers (Wolf et al., 2020) on 4 X
NVIDIA 3090 24GB GPUs with FP16 mixed preci-
sion. Core versions: PyTorch 2.0.1, Transformers
4.36.0, scikit-learn 1.3.0.

Dataset Split. We use all 53,000 official training
samples; 10% are held out as a stratified validation
set preserving the original class distribution. No
test labels are accessed during development.

Baselines. We compare against: BERT-base-
uncased (Devlin et al., 2019) (standard English
PLM), HateBERT (Caselli et al., 2020) (toxicity-
domain pre-trained BERT), DeBERTaV3-base, and
Vanilla XLM-RoBERTa-large (our core baseline:
identical backbone fine-tuned directly on GameTox
without our framework).
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Evaluation. The official metric is Macro F1-
score. We additionally report accuracy, macro pre-
cision, and macro recall. All ablation results use
the same validation split.

5 Results and Analysis

5.1 Main Results

Table 3 shows that our final system achieves a
Macro F1 of 0.7041, outperforming the vanilla
XLM-RoBERTa-large baseline by +8.92 pp and
the best competitor (Macro F1: 0.6725) by +3.16
pp. The simultaneous gains in precision (+9.16
pp) and recall (+7.19 pp) confirm that our frame-
work improves both minority-class coverage and
prediction quality, rather than trading one for the
other.

5.2 Ablation Study

Table 4 yields three key observations:

(1) Domain alignment and toxic transfer pro-
vide the largest gain (+10.37 pp). The combined
Stage 1+2 pre-training dramatically outperforms
direct fine-tuning, confirming that bridging the do-
main gap between general corpora and game chat
slang is the most critical factor for performance.

(2) LLM-driven data augmentation is the
second-largest contributor (+4.71 pp). Short text
semantic augmentation effectively resolves seman-
tic sparsity, producing richer input representations
without altering toxic intent. Long-tailed synthe-
sis adds a further +1.90 pp by alleviating critical
minority-class data shortage.

(3) SCL and ensemble further lift the perfor-
mance ceiling (+2.31 pp combined). The dual-
head contrastive structure enhances inter-class fea-
ture discriminability, directly addressing blurred
category boundaries. The minority-focused three-
component ensemble improves robustness on low-
resource toxic categories and pushes the final score
to 0.7041.

5.3 Error Analysis

Although our system achieves the highest Macro
F1 of 0.7041, residual errors concentrate around
two empirically observed confusion patterns.
Insults and Flaming vs. Hate and Harassment
(classes 1 & 3). The most frequent misclassifi-
cations occur between generalized insults and tar-
geted hate speech, particularly for utterances con-
taining identity-related slurs (e.g., homophobic ter-
minology). Such expressions can simultaneously

function as casual in-game taunts (class 1) or con-
stitute directed identity-based harassment (class 3),
and the distinction hinges on pragmatic intent that
is difficult to infer from a single decontextualized
utterance. Without speaker interaction history, the
model tends to under-predict class 3, biasing to-
ward the more frequent class 1.

Non-toxic vs. Extremism (classes 0 & 5). A
secondary error pattern arises between ostensibly
benign utterances and low-intensity extremist ex-
pressions. Utterances with mild political over-
tones—such as vague ideological statements or
dog-whistle phrasing common in certain gaming
communities—are frequently misclassified as Non-
toxic (class 0) because they lack overt surface-level
toxic markers. This reflects the fundamental chal-
lenge that extremism detection requires pragmatic
and world-knowledge reasoning beyond lexical tox-
icity signals.

Both patterns underscore that fine-grained intent
discrimination in ultra-short game chat demands
conversational context modeling and intent-aware
reasoning (Wang and Zhao, 2026), which we iden-
tify as the primary direction for future improve-
ment.

6 Conclusion

We present a three-stage progressive training frame-
work for fine-grained gaming toxicity detection
that systematically addresses domain shift, long-
tailed imbalance, and semantic sparsity. Our
pipeline—domain adaptive MLM pre-training,
multilingual toxicity transfer, and SCL-enhanced
fine-tuning—combined with LLM-driven augmen-
tation and ensemble, achieves Macro F1 = 0.7041,
ranking 1st among 35 teams. Ablation studies con-
firm that each module contributes meaningfully,
with domain alignment and toxic knowledge trans-
fer delivering the largest gains. Future work will
explore conversational context modeling, adversar-
ial training against camouflaged toxic expressions,
and model distillation for real-time deployment.

Limitations

Several limitations of the current work should be
acknowledged. First, our system relies on LLM-
generated synthetic data for minority class augmen-
tation; while generated samples are manually spot-
checked for quality, they may still introduce dis-
tributional artifacts not present in real game chats.
Second, the gaming domain corpus used in Stage 1
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Table 3: Main results on the official GameTox test set. Our system ranks 1st among 35 teams.

Model Macro F1 =~ Accuracy  Macro Prec.  Macro Rec.
BERT-base-uncased (Devlin et al., 2019) 0.6043 0.8936 0.5487 0.6984
HateBERT (Caselli et al., 2020) — — — —
DeBERTaV3-base 0.5561 0.8874 0.5349 0.6006
Vanilla XLM-RoBERTa-large (Core Baseline) 0.6149 0.8865 0.5484 0.7267
Our Final System 0.7041 0.8982 0.6400 0.7986

Table 4: Incremental ablation study. Each row adds one component to the previous configuration.

Model Configuration

Macro F1 A

XLM-RoBERTa-large (no MLM pre-train, no Transfer)
+ Domain MLM Pre-training + Jigsaw Transfer
+ Single-Head CE Fine-tuning (Core Baseline)

+ LLM Short Text Augmentation
+ LLM Long-Tailed Class Synthesis

+ Dual-Head SCL + Threshold Optimization
+ Multi-Model Ensemble (Final System)

0.4986 —

0.6023  +0.1037
0.6149  +0.0126
0.6620  +0.0471
0.6810  +0.0190
0.6950  +0.0140
0.7041  +0.0091

is drawn from limited game titles (primarily Dota
2 and World of Tanks), which may not fully cap-
ture the linguistic diversity of all gaming commu-
nities. Third, the current model processes single
utterances without conversational context; implicit
toxicity that depends on dialogue history may be
misclassified. Finally, the Nelder-Mead threshold
optimization is tuned on the validation split, and
may not generalize perfectly to distribution shifts
in unseen test data.
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A Prompt Templates

A.1 Short-Text Augmentation Prompt

The following system prompt is used to rewrite
ultra-short game chat messages into longer, contex-
tually richer forms while preserving the original
toxic intent.

You are a Data Augmentation Specialist
for a toxicity detection system.
The downstream model was pre-trained
on Jigsaw/Wikipedia Comments (long,
grammatically structured sentences).
The current input data is Game
Chat (short, slang-heavy, multilingual,
noisy).

YOUR GOAL: Rewrite the input game chat
message into a “Jigsaw-style Comment”. 1.
Expand Length: Turn abbreviations into
full words. Elaborate slightly to make
it a complete sentence. 2. Standardize
English: Translate any non-English text
to explicit English. 3. PRESERVE
TOXICITY (Crucial): - If input is TOXIC
(“kys”), output MUST be equally TOXIC.
- If input is NON-TOXIC (“gg”), output
MUST be NON-TOXIC. - Do NOT sanitize or
censor.

EXAMPLES:

Input: “stfu noob”

Output: You need to shut the fuck up, you
are playing like a complete beginner.

Input: “ez”
Output: That match was too easy, you
guys didn’t even provide a challenge.
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Input: “go A”
OQutput: Let’s all move to point A and
take the objective.

OUTPUT FORMAT: Return ONLY the rewritten
text.

A.2 Minority Class Classification Prompt

The following system prompt is used for LLM-
based classification of minority-class samples in
the ensemble component.

You are an expert content moderator
for an online game (World of Tanks).
Your task is to classify chat messages
into EXACTLY ONE of the following 6

categories.

LABELS & DEFINITIONS:

0: Non-toxic (Normal gameplay
communication, tactics, simple
frustration)

1: Insults (Personal attacks, “idiot”,
“noob”, mild profanity directed at

someone)

2: Other Offensive (General profanity
not directed at anyone, “fuck this
game”)

3: Hate Speech (Slurs based on race,
gender, religion, sexual orientation)
4: Threats (Physical violence, “I will
kill you”, “hope you get cancer”)

5: Extremism (Nazi symbols, terrorist
propaganda, glorifying violence)

RULES:

- OUTPUT ONLY THE INTEGER LABEL (©@-5).
NO EXPLANATION.

- If a message contains multiple types,
pick the MOST SEVERE one (5 > 4 > 3 > 1
>2>0).

User prompt format: Message: “[text]”
Label:
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Abstract

Memes have emerged as a fast and influential
way to share information online, particularly
during major public health events like COVID-
19 vaccination. While they can support aware-
ness and encourage positive behavior, they are
also widely used to spread misinformation and
vaccine-critical views. These messages are
often expressed through sarcasm and implicit
meaning, which makes automatic detection dif-
ficult. To tackle this problem, EEUCA 2026
introduces a shared task based on the VaxMeme
dataset for multimodal vaccine critical meme
detection. The task encourages us to design
models that can jointly understand both image
and text, capturing the underlying context more
effectively. In this work, we present our ap-
proach to this task by proposing a two-stage
early fusion framework that integrates multi-
ple transformer-based encoders. We train our
model using focal loss to give more attention
to difficult samples. Our experimental results
show that our method performs competitively
in the shared task, demonstrating its effective-
ness for this problem.

1 Introduction

The rapid growth of social media has transformed
how information is created, shared, and consumed,
with memes emerging as one of the most influen-
tial forms of communication. Memes, which typi-
cally combine images and short textual elements,
are highly engaging due to their humorous, sarcas-
tic, and easily shareable nature (Pramanick et al.,
2021a).

However, this same virality makes them a pow-
erful vehicle for spreading misleading or harmful
narratives (Wang et al., 2020). In the context of
public health, vaccine-critical memes have become
particularly concerning, as they can promote mis-
information, reinforce vaccine hesitancy, and neg-
atively influence public perception toward immu-
nization efforts. Given the demonstrated relation-
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ship between online exposure and real-world at-
titudes, the automatic detection of such content
is crucial for enabling timely interventions and
supporting public awareness campaigns (Wang
et al., 2020). The organizer of EEUCA 2026 (Hiir-
riyetoglu et al., 2026) proposes a shared task to
support multimodal vaccine-critical meme detec-
tion (Thapa et al., 2026b). The task allows par-
ticipants to develop models that jointly leverage
both visual and textual representations to capture
the global and local contextual cues embedded in
memes.

Early research in this domain has predominantly
focused on text-based analysis of social media con-
tent (Zhang et al., 2020; Naseem et al., 2021).
These approaches leverage traditional machine
learning models and, more recently, transformer-
based architectures such as BERT (Devlin et al.,
2019) to classify vaccine-related opinions and senti-
ments. While these methods have shown promising
results, they are inherently limited in their ability
to capture the full meaning of memes. To address
these shortcomings, recent studies have explored
multimodal approaches that jointly analyze textual
and visual information (Pramanick et al., 2021b;
Volkova et al., 2019). These methods have demon-
strated improved performance across various tasks,
including fake news detection, hateful meme iden-
tification, and misinformation analysis. Many mod-
els focus primarily on either global or local fea-
ture representations, without effectively combining
both. Another critical limitation is the scarcity
of publicly available, well-annotated multimodal
datasets for vaccine critical content detection.

Our submitted system, CSECU-Learners ad-
dresses this challenge through a multi-encoder
two-stage early fusion architecture. Specifically,
we employ a Twitter-domain RoBERTa (Barbi-
eri et al., 2020) to encode the textual content of
each post, a Vision Transformer (ViT) (Dosovit-
skiy et al., 2020) to capture visual features from the
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meme image, and a Vision-and-Language Trans-
former (ViLT) (Kim et al., 2021) to obtain joint
cross-modal representations. In Stage 1, the pooler
outputs of RoBERTa and ViT are combined via
performance-weighted summation. In Stage 2,
this visual contextualized representation is concate-
nated with the ViLT pooler output that is passed to
a linear classification layer. To mitigate the effect
of class imbalance in the training corpus, we adopt
Focal Loss (Lin et al., 2017).

We structure the remainder of this paper as fol-
lows. Section 2 introduces the proposed approach
for the EEUCA-2026 multimodal vaccine-critical
meme detection task. Section 3 outlines the exper-
imental design, including implementation details
and parameter settings. The results and their analy-
sis are presented in Section 4. Finally, we conclude
the paper by highlighting future research directions
in Section 5, followed by a discussion of the limi-
tations of the proposed method.

2 System Overview

This section provides an overview of our proposed
system for the shared task on multimodal identifi-
cation of vaccine critical content on social media
at EEUCA 2026. Figure 1 presents a high-level
illustration of our proposed system.
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Figure 1: Overview diagram of our proposed system for
EEUCA 2026: the shared task on multimodal identifica-
tion of vaccine critical content on social media.

A social media post typically consists of two dis-
tinct information sources: the accompanying cap-
tion (post text) and the text embedded within the
image itself (image text), the latter of which is re-
covered via Optical Character Recognition (OCR).

We design a multi-encoder fusion architecture that
jointly processes the visual and textual signals ex-
tracted from each post.

At the encoder stage, three pre-trained
transformer-based models operate in parallel.
Vision-and-Language Transformer (ViLT) (Kim
et al., 2021) processes the raw image alongside
its associated textual content, leveraging its na-
tive cross-modal attention to learn joint image—text
representations. Vision Transformer (ViT) (Doso-
vitskiy et al., 2020), by contrast, focuses exclu-
sively on the visual content of the post, while the
Robustly Optimized BERT Pretraining Approach
(RoBERTa) (Liu et al., 2019) handles the purely
linguistic dimensions of the task.

We subsequently consolidate the representations
produced by these three encoders through a two-
stage fusion strategy. In the first fusion stage, the
contextualized pooler output from ViT and the con-
textualized pooler output from RoBERTa are fused
to form a combined multimodal representation. In
the second fusion stage, this combined represen-
tation is merged with the holistic vision—language
embedding produced by ViLT, yielding a unified
feature vector that integrates all three perspectives.
This final fused representation is passed through
a linear classification layer, which produces log-
its (unnormalized scores) from which our model
derives its final prediction.

2.1 Encoder Models

We fine-tune ViLT to obtain contextualized multi-
modal representations, employ ViT to capture vi-
sual information from the given image, and utilize
RoBERTa to extract contextualized textual feature
representations.

2.1.1 RoBERTa

For text encoding, we employ a RoBERTa-base
model (Liu et al., 2019) fine-tuned on Twitter data'.
It was originally introduced by Barbieri et al. (Bar-
bieri et al., 2020) as part of the TweetEval bench-
mark. Unlike general-domain language models,
this checkpoint was trained on roughly 58 million
tweets, making it particularly sensitive to the in-
formal grammar, hashtags, URLs, and emotion-
ally charged phrasing that characterize vaccine-
related discourse on social media. Given an in-
put sequence, the model produces a contextualized

1https://huggingface.co/cardiffnlp/
twitter-roberta-base
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[CLS] pooler output, which serves as the textual
representation fed into the fusion stage.

2.1.2 ViT

For visual encoding, we adopt the Vision Trans-
former (ViT) (Dosovitskiy et al., 2020) in its base
configuration with 32 x 32 patch size, pre-trained
on ImageNet-21k?. ViT treats an input image as
a sequence of fixed-size non-overlapping patches,
projects each patch into a linear embedding, and
processes the resulting sequence through a standard
transformer encoder. The larger patch size reduces
sequence length and computational cost while re-
taining sufficient visual detail for meme-style social
media images. It typically carries meaning through
coarse layout and salient objects rather than fine-
grained texture. The [CLS] pooler output of ViT is
used as the visual representation at the first fusion
stage.

2.1.3 VILT

To capture cross-modal interactions directly at
the encoder level, we incorporate the Vision-and-
Language Transformer (ViLT) (Kim et al., 2021).
We specifically utilize the base model pre-trained
with masked language modeling on image—text
pairs?. Unlike pipeline approaches that extract vi-
sual features with a separate object detector before
cross-modal fusion, VILT encodes image patches
and text tokens within a single unified transformer.
This approach enables direct attention between vi-
sual and linguistic elements at every layer. The
model receives the raw post image together with
the text as inputs, and its pooler output provides a
holistic vision—language representation that com-
plements the independently encoded visual and
textual streams at the second fusion stage.

2.2 Two-Stage Early Fusion

Rather than relying on a single encoder to capture
all modality-specific signals, we propose a two-
stage early fusion strategy that progressively con-
solidates the representations from RoBERTa, ViT,
and ViLT into a unified feature vector for down-
stream classification.

2.2.1 Stage 1: Weighted Fusion of Visual and
Textual Representations
In the first stage, we combine the pooler outputs of
RoBERTa and ViT through a performance-aware
2https://huggingface.co/google/

vit-base-patch32-224-in21k
3https://huggingface.co/dandelin/vilt-b32-mlm
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weighted summation followed by a tanh activation.
Let pr € R and py € R7%® denote the pooler
outputs of RoBERTa and ViT, respectively.

To determine the fusion weights, we rank the
two encoders by their individual performance on
the validation set, assigning an order number & to
each model such that the better-performing model
receives £k = 1 (Du et al., 2022). Since RoOBERTa
outperforms ViT on the validation set, ROBERTa is
assigned kr = 1 and ViT is assigned ky = 2. The
weight for each encoder is then computed as:

1
vk’
This yields wg = 1/v/1 = 1.000 for ROBERTa

and wy = 1/4/2 ~ 0.707 for ViT. The weighted
sum is then computed as:

ke {1,2} (1)

W =

(@)

where f; € R™® is the resulting visual-
contextualized representation that jointly encodes
textual semantics and visual content while preserv-
ing the relative contribution of each encoder ac-
cording to its predictive capability.

fi = wrpPr +wy Py

2.2.2 Stage 2: Fusion with Cross-Modal ViLT
Representation

In the second stage, we incorporate the joint
image—text representation produced by ViLT. Let
pr € R denote the pooler output of ViLT. A
key limitation of ViLT is that it accepts a maxi-
mum input sequence length of 40 tokens. How-
ever, vaccine-critical content on social media is
often considerably longer. Specifically, in the
VaxMeme training set, approximately 63% of non-
empty image texts and 72% of non-empty post
texts exceed this 40-token limit when tokenized us-
ing the cardiffnlp/twitter-roberta-base to-
kenizer. Consequently, ViLT alone cannot fully en-
code the linguistic content of such posts, whereas
the Stage 1 fusion — which employs ROBERTa —
does not suffer from this constraint.

To complement the full-sequence textual encod-
ing from Stage 1 with the cross-modal attention
capability of ViLT, we concatenate f; and pj, as
follows:

fy = Concat(f), pr) 3)

where f5 € is the final fused representation
obtained by concatenating the 768-dimensional
visual-contextualized output from Stage 1 with the
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768-dimensional ViLT pooler output. This unified
representation is subsequently passed to the linear
classification layer for prediction.

2.3 Classification

The unified representation f, € R!36 obtained
from Stage 2 fusion is fed into a single linear feed-
forward layer that maps the fused embedding to
the output space. Formally, the unnormalized class
scores (logits) are computed as:

y=6LW'+b 4)

where W € R™*? is the weight matrix and b € R™
is the bias vector of the linear layer, with d = 1536
being the dimensionality of the fused representa-
tion from Stage 2 and n denoting the number of
target classes. The final predicted class label g is
determined by selecting the class corresponding to
the maximum logit.

2.4 Focal Loss

Training on real-world social media datasets often
involves skewed class distributions, where certain
categories are substantially under-represented rela-
tive to others. Standard cross-entropy loss (Zhang
and Sabuncu, 2018) tends to be dominated by the
more frequent, easily classified examples, which
can impede the model from learning discrimina-
tive patterns for minority or harder instances. To
address this, we adopt Focal Loss (Lin et al., 2017).

Let ¢ denote the index of the ground-truth class
for a given input sample, and let y € R"” be the
logit vector. The predicted probability for the true
class p; is obtained via the softmax function. Focal
loss addresses limitation of cross-entropy loss by
augmenting the cross-entropy term with a modulat-
ing factor (1 — py)7:

LrL(pt) = —(1 —pt)” log(pr) (5)

where v > 0 is the focusing parameter that gov-
erns the rate at which well-classified examples are
down-weighted. When p; — 1, the modulating
factor (1 — p;)? — 0, effectively reducing the
loss contribution of confidently correct predictions.
Conversely, when the model misclassifies a sample
and p; remains small, the factor approaches unity,
preserving the full loss signal for that instance.

3 Experimental setup

3.1 Dataset Overview

To evaluate our proposed framework on the shared
task on multimodal identification of vaccine critical
content on social media at EEUCA 2026, we use
the annotated benchmark dataset provided by the
task organizers (Thapa et al., 2026a). The dataset
builds upon the VaxMeme corpus (Naseem et al.,
2023), with an annotation schema shared with Cri-
sisHateMM (Bhandari et al., 2023). Each instance
in the dataset includes three components: the im-
age, the text extracted from the image using OCR,
and the accompanying post caption. In our ap-
proach, we utilize the image and the post text, while
excluding the OCR-extracted image text, as it is
often empty for most samples and its incorporation
with the post text leads to performance degradation
on the validation set. Each sample is assigned one
of three class labels: Vaccine Critical, Neutral, or
Pro-vaccine. The distribution of samples across the
training, validation, and test splits is summarized
in Table 1.

Class Label Train Validation  Test
Vaccine Critical 2,535 308 314
Neutral 2,461 327 316
Pro-vaccine 3,199 389 395
Total 8,195 1,024 1,025

Table 1: Distribution of data samples across splits in the
shared task dataset.

The training set comprises 8,195 samples in to-
tal, with Pro-vaccine being the most frequent class
at 3,199 instances (39.03%), followed by Vaccine
Critical at 2,535 instances (30.93%) and Neutral
at 2,461 instances (30.03%). A similar trend is ob-
served in the validation set of 1,024 samples, where
Pro-vaccine again constitutes the largest proportion
at 389 instances (37.99%), with Neutral and Vac-
cine Critical accounting for 31.93% (327 instances)
and 30.08% (308 instances), respectively. The test
set contains 1,025 samples.

Across both the training and validation splits,
the dataset exhibits a moderate degree of class im-
balance. The Pro-vaccine class consistently out-
numbers the other two categories, with a ratio of
approximately 1.30:1 and 1.26:1 relative to Vaccine
Critical and Neutral in the training set, respectively.
While this imbalance is not extreme, it is suffi-
cient to bias a naively trained classifier towards the
majority class, potentially at the expense of cor-
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rectly identifying Vaccine Critical content. This
motivates our adoption of Focal Loss (Section 2.4),
which mitigates the adverse effect of class imbal-
ance by down-weighting the loss contribution of
over-represented, easily classified samples during
training.

3.2 Parameter Settings

This section describes the experimental setup for
our submission to the shared task at EEUCA 2026.
We fine-tune the Twitter-RoBERTa, ViT, and ViLT
models available through the Hugging Face Trans-
formers library (Wolf et al., 2020) using a Kaggle
notebook* equipped with an NVIDIA Tesla T4
GPU. To ensure reproducibility across experimen-
tal runs, the random seed is fixed at 66 through-
out all experiments. We employ the AdamW opti-
mizer (Loshchilov and Hutter, 2017) for parame-
ter updates, and model selection is performed by
saving the checkpoint that achieves the best macro-
averaged F1 score on the validation set. The opti-
mal hyperparameter values identified through our
experiments are summarized in Table 2. The maxi-
mum input sequence length is set to 256 tokens for
RoBERTa. The focusing parameter of Focal Loss
is set to v = 1, which provides a mild emphasis on
harder, misclassified samples.

Hyperparameter Optimal Value
Train batch size 8

Test batch size 8
Learning rate 3e-5
Random seed 66

Max sequence length 256
Dropout probability 0.3
Number of train epochs 3
Focusing parameter () 1

Table 2: Optimal hyperparameter configuration used in
our experiments.

3.3 Evaluation Measures

To assess the effectiveness of the systems pro-
posed by participants, the organizers use the macro-
averaged F1 score (Sokolova and Lapalme, 2009)
as the primary evaluation metric. This evaluation
metric is well-suited for datasets with long-tail
class distributions, as it treats all classes equally.
By taking the harmonic mean of precision and re-
call for each class and then averaging the results,
it offers a balanced view of overall model perfor-
mance.

*https://www.kaggle.com

This formulation ensures that minority classes
such as Vaccine Critical and Neutral contribute
equally to the overall score as the majority Pro-
vaccine class, penalizing systems that achieve high
accuracy by predominantly predicting the dominant
category.

4 Results and Analysis

In this section, we present and analyze the perfor-
mance of our proposed CSECU-Learners system
on the EEUCA 2026 shared task on multimodal
identification of vaccine critical content on social
media. The full training set is used to train our pro-
posed model, while the validation set is reserved
exclusively for hyperparameter tuning. The official
evaluation metric is the macro-averaged F1 score,
as described in the previous section.

4.1 Performance Comparison with
Participating Systems

Table 3 summarizes the performance of our sys-
tem alongside a selection of participating teams.
Our CSECU-Learners system (Codabench user-
name: anchy) achieved a macro-averaged F1 score
of 0.8308 and an accuracy of 0.8341, securing 6th
place among all participating teams. These results
demonstrate that our proposed two-stage early fu-
sion architecture, which consolidates complemen-
tary signals from RoBERTa, ViT, and ViLT, yields
competitive performance on this multimodal classi-
fication task.

Among the top-ranked systems, /ilil2 attains the
highest macro-F1 of 0.8494, outperforming our sys-
tem by a margin of 0.0186 points. The 2nd and 3rd
ranked systems, TIU-MI and CUET_Synthetica,
achieve macro-F1 scores of 0.8389 and 0.8357, re-
spectively, placing them 0.0081 and 0.0049 points
ahead of our submission. Notably, the performance
gap between the 1Ist and 6th ranked systems is
relatively narrow at approximately 1.86 percent-
age points, indicating that our framework operates
within a highly competitive performance band at
the upper end of the leaderboard. In contrast, the
lower-ranked systems exhibit considerably weaker
results. The 23rd, 24th, and 25th ranked teams
abs123, thatgrass, and kannanrrk record macro-
F1 scores of 0.7846, 0.7754, and 0.7436, respec-
tively. Our system surpasses these by margins of
0.0462, 0.0554, and 0.0872 points. The ranking is
not unique for each team. On the Codabench test
phase leaderboard, we observe multiple entries un-
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Team Macro-F1 Accuracy Precision Recall Rank
lili12 0.8494 0.8517 0.8494 0.8517 Ist
TIU-MI 0.8389 0.8420 0.8386 0.8409 2nd
CUET_Synthetica 0.8357 0.8390 0.8383 0.8359 3rd
alexcristea72 0.8340 0.8380 0.8338 0.8351 4th
CUET_Synthetica 0.8332 0.8361 0.8345 0.8340 5th
CSECU-Learners (Ours) 0.8308 0.8341 0.8309 0.8309 6th
abs123 0.7846 0.7912 0.7868 0.7864 23rd
thatgrass 0.7754 0.7844 0.7858 0.7802 24th
kannanrrk 0.7436 0.7502 0.7435 0.7437 25th

Table 3: Comparative performance of selected systems on the EEUCA 2026 shared task. Our system is highlighted

in bold.

der the same team. For example, CUET_Synthetica
appears in both 3rd and 5th positions on the leader-
board.

4.2 Analysis of Different Modality Baseline
Models

To motivate the design of our proposed multi-
encoder fusion framework, we conduct a system-
atic baseline analysis across three modality cate-
gories: textual, visual, and multimodal. For the
textual baseline, we adopt the Twitter RoOBERTa
model, which is particularly well-suited to this task,
given that the underlying data originates from so-
cial media platforms with informal and hashtag-
rich linguistic characteristics. As the visual base-
line, we employ ViT, which has demonstrated
strong performance across a broad range of im-
age classification benchmarks. For the multimodal
baseline, we utilize ViLT, which processes both
image and text modalities within a single unified
transformer, affording equal priority to visual and
linguistic signals through its linear modality inter-
action mechanism. Each baseline model is evalu-
ated independently on the validation set, and the
results are reported in Table 4.

Method Modality Prec. Rec. Macro-F1
Twitter ROBERTa  Text 0.8084 0.8100 0.8082
ViT Image 0.6991 0.6993 0.6973
ViLT Multimodal 0.7718 0.7723 0.7716

Table 4: Performance of individual modality baseline
models on the validation set. Here Prec. and Rec. indi-
cate Precision and Recall metrics respectively.

Among the three baselines, Twitter RoOBERTa at-
tains the highest macro-F1 score of 0.8082, demon-
strating that the textual content carries the most dis-
criminative signal for identifying vaccine-critical
content. This is consistent with the nature of the
task, where vaccine critical stance is frequently

expressed through explicit linguistic cues such
as hashtags, emotionally charged phrasing, and
misinformation-laden statements. ViT, operating
solely on the visual modality, records the weakest
performance with a macro-F1 of 0.6973, falling
11.09 percentage points below RoBERTa. This
substantial gap suggests that visual features alone
are insufficient for reliable vaccine-critical content
identification.

ViLT, which jointly encodes image and text
within a single transformer through cross-modal
attention, achieves a macro-F1 of 0.7716 — sur-
passing ViT by 7.43 percentage points but falling
3.66 percentage points short of RoOBERTa. This in-
termediate performance highlights both the benefit
and the limitation of ViLT in this setting. While
its multimodal design allows it to leverage visual-
textual interactions, its restricted maximum se-
quence length of 40 tokens prevents it from fully en-
coding the often lengthy post captions this dataset,
as discussed in Section 2.2.

4.3 Ablation Study

To quantify the individual contribution of each com-
ponent in our proposed framework, we conduct an
ablation study on the validation set by selectively
disabling one component at a time while keeping
the remaining components. The results are pre-
sented in Table 5.

Our proposed CSECU-Learners system achieves
the highest macro-F1 of 0.8251, confirming that
every component contributes positively to the over-
all performance. Replacing Focal Loss with stan-
dard cross-entropy loss reduces the macro-F1 from
0.8251 to 0.8216, a drop of 0.35 percentage points.
It indicates that the class imbalance present in the
training data, where Pro-vaccine samples consti-
tute approximately 39% of the corpus. Focal Loss
effectively mitigates this by suppressing the gradi-
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Method Macro-F1
CSECU-Learners 0.8251
—Focal Loss 0.8216
—Fusion 2 0.8180
—Fusion 1 0.7716

Table 5: Ablation study results on the validation set.
Each row removes one component from the full sys-
tem. —Focal Loss denotes training with standard cross-
entropy loss; —Fusion 2 removes ViILT and retains only
the weighted ROBERTa—ViT fusion; —Fusion 1 removes
Stage 1 and relies solely on ViLT.

ent contribution of easily classified majority-class
samples.

Disabling Stage 2 fusion, that is, discarding
the ViLT pooler output and relying solely on the
Stage 1 weighted combination of RoBERTa and
ViT, results in a macro-F1 of 0.8180, a decline of
0.71 percentage points relative to the full system.
This indicates that the cross-modal attention mech-
anism of ViLT contributes complementary vision—
language interaction signals that the independently
encoded RoBERTa and ViT representations alone
cannot fully replicate.

The most pronounced degradation occurs when
Stage 1 fusion is removed entirely, reducing the
system to ViLT alone and yielding a macro-F1 of
0.7716, a drop of 5.35 percentage points relative to
the full model. The substantial performance recov-
ery achieved by incorporating Stage 1, which pairs
RoBERTz2’s full-sequence textual encoding with
ViT’s visual representation. It addresses the ViLT’s
architectural sequence length limitation and cap-
tures the richer linguistic content present in vaccine-
critical social media posts.

5 Conclusion and Future Direction

In this study, we tackle the problem of detecting
vaccine-critical memes in a multimodal setting as
part of the EEUCA 2026 shared task. We intro-
duce a two-stage early fusion framework built on
multiple transformer-based encoders. In the first
stage, representations from RoBERTa and ViT are
merged using a weighted summation guided by
their relative performance. In the second stage, this
fused representation is further integrated with the
joint image—text embedding generated by ViLT. To
better handle difficult samples and class imbalance
during training, we adopt focal loss as the opti-
mization objective. Experimental findings indicate
that the proposed method achieves strong perfor-

mance, demonstrating its capability in identifying
vaccine-critical memes.

For future work, we plan to investigate advanced
transformer models that are pre-trained on biomed-
ical corpora, as they may provide more domain-
relevant representations. Additionally, we aim to
replace the fixed fusion formulation in Stage 1 with
a learnable scalar or a lightweight attention-based
gating mechanism, allowing the model to adap-
tively weight feature contributions and improve
generalization across diverse datasets.

Limitations

Despite its effectiveness, our approach has sev-
eral limitations. The use of multiple transformer-
based encoders and their fusion increases computa-
tional cost, making the model relatively slow and
resource-intensive. In this work, we rely on base-
sized transformers; however, larger variants are
known to achieve better performance in many tasks,
which we did not investigate here. Moreover, the
performance of the model is influenced by manual
hyperparameter tuning, which may vary across dif-
ferent datasets and may not always generalize well
to real-world applications.
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Abstract

This paper presents two systems for the Game-
Tox Shared Task at the Workshop on EEUCA
at ACL 2026, which requires classifying World
of Tanks chat utterances into six fine-grained
toxic intent categories (Labels 0-5). Severe
class imbalance, domain-specific multilingual
slang, and extremely scarce data for rare cat-
egories such as Threats (Label 4, 60 samples)
and Extremism (Label 5, 24 samples) make
this a challenging classification problem. Our
primary submission, RAKSHAK (raksaka, San-
skrit for “Protector”), is a multi-task DeBERTa-
v3-base (He et al., 2022) framework combin-
ing rationale distillation from Qwen2.5-14B
(An et al., 2024), Supervised Contrastive Loss,
and dedicated rare-class binary heads. RAK-
SHAK’s training data is augmented with cross-
domain transfer from the Jigsaw Toxic Com-
ment dataset (16,225 samples mapped to La-
bels 1-4) and 100 LLM-generated extremism
samples for Label 5. Our secondary system
(M1) fine-tunes DeBERTa-v3-base with Focal
Loss on the original GameTox data plus the
same 100 extremism samples, without Jigsaw
transfer. RAKSHAK achieves a Macro F1 of
0.5883 on the official test set, ranking 7th out
of 35 participating teams, while M1 achieves
0.5252 Macro F1. An ablation comparing M1
with and without Jigsaw data shows that cross-
domain transfer accounts for +2.6 F1 points,
while RAKSHAK’s multi-task architecture con-
tributes a further +3.7 points.

1 Introduction

Online multiplayer games rely on in-game chat for
coordination, yet these channels also carry harmful
content ranging from profanity to extremist mate-
rial (Parihar et al., 2021). Automatic moderation
matters for player safety, but game chat is noisy,
multilingual, and heavily skewed toward non-toxic
messages, making reliable classification difficult
(Thapa et al., 2025).

The GameTox Shared Task at EEUCA 2026
(Hiirriyetoglu et al., 2026; Thapa et al., 2026) evalu-
ates this challenge on approximately 53,000 World
of Tanks utterances annotated into six intent la-
bels (0-5), from non-toxic to extremism. Systems
are ranked by Macro F1, placing strong emphasis
on performance across all classes, including those
with very few training samples.

Prior work on toxicity detection has largely fo-
cused on social media (Waseem and Hovy, 2016;
Davidson et al., 2017) and transfers poorly to gam-
ing language, where jargon, obfuscation, and code-
switching are common. Large-scale annotation
efforts like the Jigsaw dataset (Jigsaw and Google,
2018) showed the value of cross-domain data, but
the social media register differs sharply from gam-
ing chat. On the modelling side, knowledge distil-
lation from large LLMs (Hinton et al., 2015; Hsieh
et al., 2023; Magister et al., 2023), Focal Loss for
class imbalance (Lin et al., 2017), and supervised
contrastive learning (Khosla et al., 2020) have all
shown promise; chain-of-thought rationales (Wei
et al., 2022) further suggest that structured teacher
explanations transfer reasoning that labels alone
cannot.

We draw on these techniques in two systems:
RAKSHAK (primary), a multi-task DeBERTa-v3-
base framework combining rationale distillation
from Qwen2.5-14B, Supervised Contrastive Loss,
rare-class binary heads, and two-stage augmenta-
tion via Jigsaw transfer and LLM-generated extrem-
ism samples; and M1 (secondary), a DeBERTa-v3-
base model fine-tuned with Focal Loss on a smaller
augmented set. Beyond gaming, LLMs are now
used in settings where misclassification carries real
consequences, from clinical diagnosis (Yan et al.,
2025) to museum visitor assistance (Guragain et al.,
2025b), making reliable content moderation a con-
cern well beyond this domain.
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2 Related Work

Toxicity detection. Early approaches to online
toxicity detection relied on feature-engineered clas-
sifiers (Waseem and Hovy, 2016; Davidson et al.,
2017), while recent work has shifted toward fine-
tuning pretrained language models on curated
datasets. Ensemble methods combining multi-
ple multilingual BERT-based models have shown
strong results on shared task benchmarks for hate
speech detection, with data augmentation and class-
imbalance handling being key contributors to per-
formance (Guragain et al., 2025a). Most existing
research targets social media platforms, and rela-
tively few studies address the distinct challenges of
gaming environments, where language is heavily
obfuscated, multilingual, and laden with domain-
specific slang (Parihar et al., 2021). The GameTox
dataset (Naseem et al., 2025) is among the first
large-scale resources specifically targeting gaming
chat toxicity.

Knowledge distillation and rationale augmen-
tation. Hinton et al. (2015) introduced knowl-
edge distillation via soft logit matching between
teacher and student models. More recently, Hsieh
et al. (2023) proposed distilling step-by-step, where
a large teacher generates natural language ratio-
nales that are concatenated with inputs during stu-
dent training, enabling small models to outperform
larger ones with less data. Magister et al. (2023)
and Li et al. (2023) demonstrated similar rationale
distillation approaches for teaching reasoning to
small language models. Our RAKSHAK frame-
work follows this paradigm, using Qwen2.5-14B
(An et al., 2024) as the teacher to generate struc-
tured rationales for a DeBERTa-v3-base (He et al.,
2022) student.

Contrastive learning for text classification. Su-
pervised Contrastive Loss (Khosla et al., 2020)
has been shown to improve representation quality
by pulling same-class embeddings together while
pushing apart different-class embeddings. This is
particularly beneficial under class imbalance, as
rare-class samples receive stronger gradient signal
through explicit pairwise comparisons rather than
relying solely on cross-entropy with the majority
class.

Loss reweighting for imbalanced classification.
Focal Loss (Lin et al., 2017), originally proposed
for object detection, down-weights well-classified
examples to focus training on hard cases. It has

since been widely adopted for imbalanced text clas-
sification tasks, including toxicity detection, where
the dominant non-toxic class can overwhelm stan-
dard cross-entropy training.

3 Background and Task Description

3.1 Task Setup

This Shared Task is organised within the 9th Work-
shop on Event Extraction and Understanding: Chal-
lenges and Applications (EEUCA) at ACL 2026
(Hiirriyetoglu et al., 2026), under the CHiPSAL
track. The task focuses on intent classification of
in-game chat utterances from World of Tanks, with
a globally distributed multilingual player base.
Given an utterance u from the game chat,
systems must predict an intent label y €
{0,1,2,3,4,5} as defined in Table 1.

Label Category Description & Example
0 Non-toxic Benign communication,
strategy, or neutral chatter.
“good game”
1 Insults & Flaming Personal attacks or profanity

directed at other players.

“fuckin noob”
Offensive content not fitting
other categories.

2 Other Offensive

“learm to p™ay stuopid red
player”

Identity-based hate or sus-
tained harassment.

3 Hate & Harassment

“a fckng dum bstrd from eas-
teurope”

Direct or implicit threats of
harm or violence.

4 Threats

“hope your family die in fire”
Extremist content, radicalisa-
tion, or incitement.

“STUYOU RUSIA AND NAZI
LEMMIN O ALL ONE
SIDE”

5 Extremism

Table 1: Toxicity label taxonomy for the EEUCA 2026
shared task (Thapa et al., 2026; Naseem et al., 2025).

3.2 Dataset

The GameTox dataset (Naseem et al., 2025) com-
prises approximately 53,000 utterances across train,
validation, and test splits from World of Tanks in-
game chat logs, with 42,959 samples in the training
set. The annotation schema is adapted from the
CrisisHateMM framework (Bhandari et al., 2023).
The dataset exhibits extreme class imbalance: La-
bel 0 (Non-toxic) accounts for over 80% of train-
ing data, while Label 5 (Extremism) has only 24
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samples and Label 4 (Threats) has 60. The cor-
pus is multilingual, containing utterances predomi-
nantly in English alongside Polish, Russian, Ger-
man, French, and other languages reflecting the
worldwide player base.

4 System Description

4.1 Data Augmentation

We employ two data augmentation strategies target-
ing underrepresented toxic classes, following the
broader observation that augmentation is critical for
rare-class performance in hate speech shared tasks
(Guragain et al., 2025a). Both strategies are used
for RAKSHAK; M1 uses only the LLM-generated
extremism samples (Section 4.1.2).

4.1.1 Cross-Domain Transfer from Jigsaw

To enrich the scarce in-domain toxic samples for
RAKSHAK, we incorporate data from the Jigsaw
Toxic Comment Classification dataset (Jigsaw and
Google, 2018), mapping its multi-label toxicity
annotations to the GameTox intent taxonomy as
shown in Table 2. To validate the mapping, we
sampled 10 examples from each Jigsaw category
and independently prompted two LLMs (Gemini
1.5 Pro and Grok) to assign GameTox labels; both
models agreed on the same mapping for all cate-
gories. The Jigsaw dataset also contains a large
non-toxic category which maps naturally to Game-
Tox Label 0; however, we exclude these samples
since Label O is already heavily overrepresented.
No suitable Jigsaw category exists for Label 5 (Ex-
tremism). For samples with multiple active Jig-
saw labels, we assign the highest-severity Game-
Tox label (e.g., a sample tagged both obscene and
threat is mapped to Label 4). After mapping and
deduplication, this yields 16,225 additional sam-
ples across Labels 1-4.

Jigsaw Label GameTox Samples
toxic, obscene, insult Label 1 6,500
other_offensive Label 2 7,940
severe_toxic, identity_hate Label 3 1,307
threat Label 4 478
non-toxic Label 0 excluded
(no mapping) Label 5 —

Table 2: Mapping from Jigsaw labels to GameTox cate-
gories (see Table 1). Non-toxic samples are excluded.
No Jigsaw category maps to Extremism.

4.1.2 LLM-Generated Extremism Samples

Label 5 (Extremism) has no Jigsaw counterpart,
leaving only 24 in-domain training samples. We
generate 100 synthetic extremism samples through
a four-step pipeline:

1. Keyword mining: Extract extremism-
relevant keywords (slurs, political references,
radicalisation terms) from the existing Label 5
training samples.

2. Keyword expansion: Use Grok to produce
morphological variants, obfuscated spellings,
and semantically related terms, expanding the
seed keyword list.

3. Sentence generation: Prompt Qwen2.5-14B
(An et al., 2024) with a task-specific instruc-
tion describing the GameTox shared task and
the definition of extremism from Naseem
et al. (2025). To work around safety filters,
extremist keywords are replaced with place-
holder tokens (e.g., [WORD1], [WORD2]) in the
prompt, and Qwen generates sentence frames
containing these placeholders. Qwen2.5-14B
was selected as the strongest open-weight
model that could be served locally via Ollama
within our compute constraints, supporting
reproducibility without dependence on closed-
source APIs. The prompt template is provided
in Appendix A.

4. Keyword injection: Replace placeholder to-
kens in generated sentences with real extrem-
ist keywords from Steps 1 and 2.

This pipeline addresses the dual challenge of
data scarcity and LLM safety refusal when gener-
ating harmful content for research purposes. The
100 extremism samples are used by both M1 and
RAKSHAK. We note that these samples were not
formally verified for exact-string overlap with the
official test set; this is acknowledged in our limita-
tions.

Table 3 summarises the training data composi-
tion for each system.

4.2 M1: DeBERTa-v3-base with Focal Loss

Our secondary system fine-tunes DeBERTa-v3-
base (He et al., 2022) as a single-stage six-class
intent classifier on the original GameTox training
data plus 100 LLM-generated extremism samples
(Section 4.1.2). The classification head is a lin-
ear layer over the [CLS] representation producing
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Category L Original M1 RAKSHAK
Non-toxic 0 34,797 34,797 34,797
Insults 1 5,925 5925 12,425
Other Offensive 2 1,874 1,874 9,814
Hate & Harass. 3 279 279 1,586
Threats 4 60 60 538
Extremism 5 24 124 124
Total 42,959 43,059 59,284

Table 3: Training data composition. M1 uses the origi-
nal GameTox data plus 100 LLM-generated extremism
samples. RAKSHAK additionally incorporates 16,225
Jigsaw-transferred samples across Labels 1-4.

6-class logits, trained with Focal Loss (Lin et al.,
2017) (v = 2.0) to down-weight well-classified
majority-class examples and direct gradient up-
dates toward hard, minority-class samples. The
model is trained for 5 epochs with a learning rate
of 2e-5, batch size of 32, and gradient clipping
at 1.0. Model selection is based on the best vali-
dation Macro F1 on a 90/10 train-validation split
(seed=42). Atinference, the model predicts directly
among all six labels in a single forward pass.

4.3 RAKSHAK: Multi-Task Rationale
Distillation Framework

RAKSHAK is our primary system. It extends
the DeBERTa-v3-base backbone into a multi-task
learning framework that addresses class imbal-
ance through three mechanisms: (1) rationale-
augmented knowledge distillation from a teacher
LLM, following the distill-then-train paradigm of
Hsieh et al. (2023), (2) dedicated rare-class binary
classifiers, and (3) Supervised Contrastive Loss
(Khosla et al., 2020) on the shared embedding
space. Unlike M1, RAKSHAK trains on the full
augmented dataset including Jigsaw-transferred
samples (Table 3). Training proceeds in two phases:
Phase 1 generates natural language rationales us-
ing Qwen2.5-14B (An et al., 2024), and Phase 2
trains the student encoder on rationale-augmented
inputs under the combined multi-task loss. Figure 1
presents the architecture.

4.3.1 Teacher Rationale Generation

Qwen2.5-14B (served locally via Ollama, temper-
ature 0.3, top-p 0.9, max 200 tokens) generates a
structured explanation for each selected training
sample. Each rationale identifies toxic keywords,
provides gaming-specific context, infers intent, and
assigns the corresponding GameTox category. An
example:

“This message contains ‘kurwa’ (Pol-
ish profanity) and ‘uninstall’ (a gaming-
specific threat), indicating Label 1 (In-
sults and Flaming). Intent: demeaning a
teammate. Category: Toxic.”

We select 5,000 training samples for rationale
generation using class-proportional inverse weight-
ing, allocating more rationales to rarer classes rel-
ative to their natural frequency. This directs the
majority of the generation budget toward Labels
3-5 where the model most benefits from additional
reasoning signal, while spending less compute on
the well-represented majority class. Rationales are
saved incrementally every 50 samples to support
resumption after interruptions.

4.3.2 Rationale-Augmented Training

Rather than distilling soft logits from the teacher,
RAKSHAK concatenates the teacher’s rationale
directly to the input before tokenisation:

[MESSAGE] [SEP] [RATIONALE: ...]

This is motivated by Hsieh et al. (2023), who
showed that natural language rationales can trans-
fer reasoning from a large teacher to a small student
more effectively than logit-based distillation. The
concatenated input is tokenised and truncated to
128 tokens, accommodating both the original mes-
sage and most of each rationale.

Rationales are used exclusively during training;
at inference, the model receives only the raw mes-
sage. This is a deliberate design choice: serving a
14B-parameter teacher at inference would negate
the efficiency advantage of the student encoder, and
we treat the rationale as privileged training context
whose benefit is expected to persist in the learned
representations at test time. We acknowledge that
this introduces a train/test input distribution shift,
as the encoder is optimised on inputs of the form
[MESSAGE] [SEP] [RATIONALE] but evaluated on
[MESSAGE] alone; the implications of this are dis-
cussed in the Limitations section.

4.3.3 Multi-Task Heads

Two types of classification heads are trained jointly
over the shared [CLS] representation:

* Intent Head (primary): A two-layer MLP
(768 — 256 — ReLLU — Dropout — 6 logits),
trained with Focal Loss (v = 2.0). This head
produces all final predictions at inference.
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Figure 1: RAKSHAK architecture. The shared DeBERTa-v3-base encoder receives concatenated input messages
and teacher-generated rationales. Three loss components operate over the shared embedding space: Focal Loss on
the 6-class intent head, binary cross-entropy on dedicated Label 4 and Label 5 heads (weighted 2 x), and Supervised

Contrastive Loss on the [CLS] embeddings.

* Rare-Class Heads: Two independent binary
classifiers (each a two-layer MLP), one for La-
bel 4 (Threats) and one for Label 5 (Extrem-
ism). Their losses are summed and weighted
2.0x in the total objective. These heads serve
as auxiliary training signals that encourage
the shared encoder to develop representations
discriminative for the rarest categories.

At inference, only the intent head is used. The
rare-class heads contribute exclusively during train-
ing by shaping the shared representation.

4.3.4 Loss Function

The total training objective combines three compo-
nents:

ﬁtotal - ﬁfocal+0-3'£supcon+2-0'(£L4+£L5) (1)

Focal Loss (Lin et al., 2017) on the intent head:

FL(pt) = —ou(1 — py)7 log(py) (2)

with v = 2.0, focusing training on hard examples
by down-weighting well-classified samples.
Supervised Contrastive Loss (Khosla et al., 2020)
operates directly on the [CLS] embeddings:

exp(sim(z;, 2p) /7)

° Z exp(sim(z;, 2;) /7)

JF

3)

['supcon = -1

With temperature 7 = 0.07, this pulls same-class
embeddings into tighter clusters in the shared repre-
sentation space, especially beneficial for the rarest
classes.

Rare-class binary losses (L14, L1s5) are stan-
dard binary cross-entropy on the dedicated heads,
weighted 2.0x to ensure that gradients from rare

Hyperparameter Value
Backbone DeBERTa-v3-base
Max sequence length 128 tokens
Batch size / LR / Epochs 32/2e-5/5
LR schedule Linear warmup (10%), clip

1.0

Train / val split
Rationale teacher
Rationale samples

90% / 10% (seed=42)
Qwen2.5-14B (Ollama)
5,000 (inverse-weighted)

Intent loss (Focal, v = 2.0) weight 1.0
Rare-class loss (L4 + L5) weight 2.0 X
SupCon weight / 7 0.3/0.07

Model selection Best val Macro F1

Table 4: Hyperparameters and loss configuration for
RAKSHAK.

Metric M1 M1+Jigsaw RAKSHAK
F1 Macro 0.5252 0.5512 0.5883
Accuracy 0.8147 0.8930 0.9031
Precision (Macro) ~ 0.4882 0.5201 0.5540
Recall (Macro) 0.6482 0.6476 0.6590

Table 5: Official test-set results. M1 trains on GameTox
+ 100 extremism samples. MI1+Jigsaw adds Jigsaw
transfer. RAKSHAK adds the multi-task architecture
on top of M1+Jigsaw data. RAKSHAK is the primary
submission (ranked 7th/35).

classes exert sufficient influence on the shared en-
coder. Table 4 summarises the complete training
configuration.

5 Results and Discussion

Table 5 presents the official test-set results. RAK-
SHAK achieved a Macro F1 of 0.5883, ranking
7th out of 35 teams on the shared task leaderboard
(Thapa et al., 2026). M1 achieved a Macro F1 of
0.5252.

RAKSHAK outperforms M1 across all reported
metrics, with a Macro F1 advantage of over 6
points. To disentangle the contributions of data aug-
mentation and architecture, we additionally eval-
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uate M1 trained with the same Jigsaw-augmented
data as RAKSHAK (M1+Jigsaw in Table 5). The
breakdown is clear: Jigsaw transfer alone improves
M1 from 0.5252 to 0.5512 (+2.6 points), while
RAKSHAK’s multi-task architecture adds a fur-
ther 3.7 points on top of the same data (0.5512 to
0.5883). Architecture thus contributes more than
data augmentation alone.

Cross-domain augmentation. The Jigsaw-
transferred samples provide 16,225 additional toxic
examples across Labels 1-4 (Table 3), broadening
the model’s exposure to diverse toxic language
patterns beyond the gaming domain. The M1 to
MIl1+Jigsaw comparison (+2.6 F1) confirms that
this cross-domain transfer provides meaningful
gains even with a simple Focal Loss classifier. The
improvement is particularly impactful for Labels
3 and 4, which grow from 279 and 60 samples to
1,586 and 538 respectively. A concrete illustration
of the domain gap: a Jigsaw threat tends to be
syntactically intact (e.g., “I know where you live
and I will make you pay”), whereas a GameTox
threat is fragmented and obfuscated (e.g., “hope
ur family die in fire”, see Table 1); transferred
samples therefore broaden lexical coverage but
do not fully replicate gaming-register obfuscation
patterns.

Rationale-enriched training. The Qwen2.5-
14B rationales supply explicit linguistic reasoning
during training, including keyword identification,
intent analysis, and domain context. Concatenating
rationales with input messages allows the student
encoder to associate surface-level toxic patterns
with deeper semantic cues during training; ratio-
nales are withheld at inference to avoid imposing
a teacher dependency at deployment time. This
follows the spirit of learning with privileged infor-
mation, where auxiliary supervision shapes repre-
sentations that persist at test time even without that
context. We acknowledge that this introduces a
train/test input distribution shift, and that the con-
tribution of rationale distillation cannot be isolated
from SupCon and the rare-class heads in the current
ablation (see Limitations).

Rare-class specialisation. The dedicated binary
heads for Labels 4 and 5 (weighted 2x) and Su-
pervised Contrastive Loss work in tandem on the
shared encoder. The binary heads push the encoder
toward features that separate the rarest classes,
while the contrastive loss pulls same-class embed-

dings into tighter clusters.

The Ml+Jigsaw to RAKSHAK comparison
(+3.7 F1) isolates the combined effect of ratio-
nale distillation, contrastive loss, and rare-class
heads. The accuracy gap between these two sys-
tems (0.8930 vs. 0.9031) further suggests that the
multi-task training helps prevent collapse toward
the dominant non-toxic class beyond what aug-
mented data alone achieves.

6 Conclusion

We presented two systems for the GameTox Shared
Task at EEUCA 2026. Our primary system, RAK-
SHAK, combines multi-task DeBERTa-v3-base
training with rationale distillation from Qwen?2.5-
14B, Supervised Contrastive Loss, dedicated rare-
class binary heads, Jigsaw cross-domain transfer,
and LLM-generated extremism samples. RAK-
SHAK achieved a Macro F1 of 0.5883, ranking
7th out of 35 teams. A three-way comparison (M1,
MI1+Jigsaw, RAKSHAK) shows that Jigsaw trans-
fer contributes +2.6 F1 points while the multi-task
architecture adds a further +3.7 points, confirming
that the multi-task design contributes more than
data augmentation alone.

Three takeaways emerge for toxicity classifi-
cation under extreme class imbalance: (1) cross-
domain transfer from existing toxicity datasets such
as Jigsaw can supplement scarce in-domain data
when a reasonable label mapping exists, (2) con-
catenating teacher-generated rationales with train-
ing inputs, following the distill-then-train paradigm
(Hsieh et al., 2023), provides a simple mechanism
for transferring reasoning from a large model to
a smaller encoder without requiring the teacher at
inference, and (3) auxiliary training heads for rare
classes combined with Supervised Contrastive Loss
can shape the shared representation in ways that
benefit the primary classifier.

Future work will focus on finer-grained abla-
tions to isolate the individual contributions of ra-
tionale distillation, contrastive loss, and rare-class
binary heads within the RAKSHAK architecture.
We also plan to explore multilingual encoders such
as mDeBERTa-v3 or XLLM-R to better capture the
non-English utterances present in the GameTox cor-
pus, and to investigate uncertainty-based sample
selection for directing rationale generation toward
the samples where the model is least confident.

182



Limitations

Our work has several limitations. First, the Jig-
saw dataset originates from social media, intro-
ducing a domain gap relative to in-game chat; the
transferred samples lack the gaming-specific vo-
cabulary, obfuscation, and register typical of World
of Tanks communication, and the extent to which
social media toxicity patterns transfer to gaming
contexts remains an open question. Second, the
100 LLM-generated extremism samples are syntac-
tically cleaner than authentic game chat and were
not formally verified for exact-string overlap with
the official test set. Third, the M1+Jigsaw to RAK-
SHAK comparison isolates the combined architec-
tural contribution but does not ablate individual
components (Supervised Contrastive Loss, rare-
class heads, rationale augmentation) separately; de-
termining which contributes most remains open.
The SupCon loss is additionally constrained by the
small batch size (32), which limits the frequency
of rare-class within-batch pairs; memory-bank ap-
proaches or larger batches may yield stronger con-
trastive signal. Fourth, DeBERTa-v3-base is pri-
marily English-trained, which may limit perfor-
mance on the substantial non-English content (Pol-
ish, Russian, German, and others) present in the
corpus. Fifth, concatenating rationales at training
time but withholding them at inference introduces
an input distribution shift: the encoder is optimised
on [MESSAGE] [SEP] [RATIONALE] but evalu-
ated on [MESSAGE] alone. Although this follows
the learning-with-privileged-information paradigm,
it means the contribution of rationale distillation
to the overall gain cannot be cleanly attributed,
and the Supervised Contrastive Loss and rare-class
heads may account for a larger share. More prin-
cipled alternatives, such as an auxiliary rationale
prediction head or KL-divergence matching against
the teacher’s output distribution, would avoid this
shift in future work. Sixth, we report only macro-
level aggregate metrics; per-class F1 for rare labels
(particularly Labels 4 and 5) would provide a more
transparent view of where the system’s gains are
concentrated.
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A Prompt Template for Extremism

Sample Generation

The following prompt was used with Qwen2.5-14B
to generate synthetic extremism training samples
(Section 4.1.2). Extremist keywords are replaced
with placeholder tokens to work around safety re-
fusal.

You are helping create training data
for an academic shared task on toxicity
classification in online gaming. The
task is called GameTox, organised as
part of the EEUCA workshop at ACL 2026.
It classifies chat messages from the
online multiplayer game World of Tanks
into six toxicity categories.

Label 5 (Extremism) is  defined
as: messages containing extremist
content, radicalisation, incitement to
ideological violence, glorification of
hate groups, or promotion of radical
ideologies, as they appear in online
game chat. This includes references
to real-world extremist movements,
political radicalisation, and calls
for violence framed within the gaming
context.

Generate 5 short in-game chat messages
(1-2 sentences each) that would be
classified as Label 5. Messages
should read 1like real game chat:
informal, possibly containing typos,
abbreviations, or mixed languages. Use
the placeholder tokens [WORD1], [WORD2],
and [WORD3] where extremist or radical
terms would naturally appear. Do not use
any actual slurs or extremist language
yourself.

Output only the messages, one per line,
with no numbering or extra commentary.

After generation, placeholder tokens are re-

placed with real extremist keywords obtained
through the keyword mining and expansion steps
described in Section 4.1.2.
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Abstract

This paper presents our team’s submission for
the EEUCA 2026 shared task on Multimodal
Vaccine Critical Meme Detection. To tackle
the inherent challenges of internet sarcasm and
high label noise, we propose a robust, heav-
ily regularized early-fusion text pipeline. By-
passing computationally heavy visual encoders,
we extract text directly from meme images
via OCR, concatenate it with the user’s so-
cial media post, and process the unified con-
text through an ERNIE-2.0-Large encoder. To
combat severe overfitting, we replace the stan-
dard classification head with a Multi-Sample
Dropout architecture (p = 0.3). Our optimized,
lightweight text-only pipeline achieved a peak
Macro F1 score of 0.834, securing 4th place
on the official leaderboard. Furthermore, an ab-
lation study utilizing Focal Loss demonstrates
that our primary solution using standard Cross-
Entropy provides superior robustness against
the inherent label noise found in internet meme
datasets.

1 Introduction

In recent years, social media memes have become
a primary vehicle for both public health communi-
cation and the spread of medical misinformation
(Thapa et al., 2024). While memes can be used to
promote awareness, they are also frequently used to
spread vaccine skepticism and vaccine-critical nar-
ratives, often employing heavy sarcasm, irony, and
culturally specific visual puns to subvert their literal
text. This ambiguity makes automated stance de-
tection highly susceptible to overfitting, as models
tend to memorize surface-level lexical cues rather
than learning generalized semantic representations.

The EEUCA 2026 shared task (Thapa et al.,
2026Db), held in conjunction with the EEUCA Work-
shop (Hiirriyetoglu et al., 2026), provides a targeted
benchmark for this challenge. The overarching
goal of the competition is to advance reliable sys-
tems for monitoring vaccine-related discourse and

supporting myth-debunking efforts on social media
platforms.

While previous state-of-the-art approaches to
this task have relied on massive, multi-stream ar-
chitectures combining Graph Neural Networks and
deep image encoders, we propose a highly effi-
cient early-fusion text architecture relying on the
Enhanced Representation through Knowledge In-
tegration (ERNIE) framework. By explicitly de-
marcating the original social media post from the
embedded image text, we allow the transformer’s
self-attention mechanism to cross-reference contex-
tual cues effectively without the latency of visual
feature extraction. Aggressively regularized via
Multi-Sample Dropout and Cross-Entropy loss, our
pipeline successfully secured 4th place on the final
leaderboard with an F1 score of 0.834.

2 Background

Task Setup and Dataset: The EEUCA 2026
shared task requires systems to process a multi-
modal input (a social media text post paired with an
image) and predict a single output stance represent-
ing the post’s attitude toward COVID-19 vaccines.
For example, an input might consist of a user’s
post saying "They want us to take it" paired with
an image of a grim reaper. The target output is a
three-class classification: Vaccine Critical, Neutral,
or Pro-Vaccine.

To train and evaluate systems, the shared task
utilizes a curated dataset of over 10,000 multi-
modal social media posts (Thapa et al., 2026a;
Naseem et al., 2023). The dataset consists en-
tirely of English-language content originating from
social media platforms. The genre is highly in-
formal, characterized by internet slang, grammat-
ical irregularities, and image-macro memes. The
annotation schema for determining the stance re-
lies on complex multimodal interactions, mirroring
methodologies established in prior multimodal hate
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speech and crisis informatics research (Bhandari
et al., 2023).

Related Work: Early work in automated stance
detection primarily focused on text-only social me-
dia posts, consistently struggling with implicit sen-
timent, sarcasm, and irony. With the emergence
of memes as a dominant form of internet commu-
nication, the field shifted toward multimodal ap-
proaches. Datasets mapping COVID-19 discourse
have shown that vaccine-critical memes often rely
on deep cultural context and dog-whistles rather
than explicit anti-vaccine terminology (Naseem
et al., 2023). Furthermore, while Large Language
Models (LLMs) have shown immense promise in
computational social science for capturing these
nuanced social dynamics (Thapa et al., 2025), their
application to non-compositional memes (where
a benign image paired with a benign text creates
a highly sarcastic message) remains challenging.
Consequently, researchers frequently utilize mas-
sive Large Vision-Language Models (LVLMs) to
capture cross-modal interactions. However, these
dual-encoder systems often suffer from high com-
putational costs and struggle to align disparate vi-
sual and textual feature spaces.

3 System Overview

We propose a highly regularized, early-fusion text
pipeline that bypasses the computational overhead
of dual-encoder LVLMs. The core algorithm relies
on reducing the multimodal task into an advanced
text-pair classification problem.

Concrete Algorithmic Flow Example: 1. In-
put: A user posts an image of a grim reaper holding
a sign, accompanied by the social media caption:
"They want us all to take it.” 2. Extraction: We ex-
tract the text embedded within the image via OCR:
"COVID VACCINE WILL KILL YOU!" 3. Early
Fusion: The algorithm concatenates these texts into
a single string separated by tokens: "[CLS] They
want us all to take it. [SEP] COVID VACCINE
WILL KILL YOU! [SEP]" 4. Encoding: ERNIE
2.0 processes this unified string, allowing its self-
attention mechanism to instantly recognize the con-
textual contrast between the vague post and the
aggressive image text. 5. Prediction: The pooled
representation passes through our Multi-Sample
Dropout head, predicting "Vaccine Critical".

Missing Modalities in Training Set

Number of Blank Entries

No Social Media Post No OCR (Image Text)

Modality

Figure 1: Missing modalities in the training set. A
significant portion of the dataset lacks OCR text from
the image, necessitating an early-fusion approach to
avoid dropping critical contextual data.

3.1 Data Processing and Early Fusion

Because memes frequently rely on the juxtaposi-
tion between an image’s embedded text and a user’s
accompanying caption, processing these modalities
independently limits the model’s ability to capture
irony. Furthermore, as illustrated in Figure 1, a
massive chunk of the dataset is missing either the
social media post or the OCR image text entirely.
To address this, we employ our early-fusion strat-
egy.

For a given data instance, we define the so-
cial media caption as 7}, and the OCR-extracted
text from the image as Tj,,q9.. We concatenate
these into a single sequence, separated by the spe-
cial ‘[SEP]‘ token, allowing the Transformer’s self-
attention mechanism to cross-reference contextual
cues between the two sources:
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Figure 2: Distribution of the combined word count (post
text + OCR image text). The 128-token cutoff captures
the vast majority of instances without introducing un-
necessary padding latency.

The combined sequence is tokenized using the
ERNIE subword tokenizer. As shown in Figure 2, a
maximum sequence length of 128 tokens perfectly
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encapsulates the vast majority of the combined text
sequences. Sequence lengths are strictly padded
or truncated to this limit to accommodate the rela-
tively short nature of meme text while maintaining
optimal computational efficiency.

3.2 The ERNIE 2.0 Encoder

We utilize the pre-trained ERNIE 2.0-Large (En-
hanced Representation through Knowledge Integra-
tion) model as our core representation learner (Sun
et al., 2020). Unlike standard BERT, ERNIE is pre-
trained via continual multi-task learning, explicitly
capturing lexical, syntactic, and semantic informa-
tion through entity-level masking. This makes it
particularly adept at recognizing the named enti-
ties (e.g., vaccine names, political figures) heavily
prevalent in COVID-19 discourse. We extract the
hidden state of the ‘[CLS]‘ token from the final
layer, h € R?, where d = 1024, to serve as the
aggregate representation of the meme.

3.3 Multi-Sample Dropout Classification
Head

Standard Transformer classifiers utilize a single
dropout layer preceding a linear transformation.
However, due to the high variance and ambigu-
ity in subjective meme datasets, a single dropout
mask can inadvertently zero-out the specific neu-
rons holding crucial "sarcasm" features for a given
batch, leading to unstable gradient updates and
poor generalization.

To combat this, we replace the standard head
with a Multi-Sample Dropout architecture (Inoue,
2019). Instead of a single pass, the pooled rep-
resentation h is passed through NN parallel, inde-
pendent dropout layers. The surviving vectors are
all processed by the exact same fully connected
linear classifier, and the resulting predictions are
averaged to produce the final output logits:

N
Logits = % ; W (Dropouti(h)) + b
In our optimal configuration, we set N = 5 and
apply a heavy dropout rate of p = 0.3. This ar-
chitecture acts as an implicit ensemble within a
single forward pass, aggressively regularizing the
network and smoothing the loss landscape without
introducing additional trainable parameters.

3.4 Loss Function and Optimization

As illustrated in Figure 3, the dataset exhibits a
class imbalance, which naturally biases standard

Training Data

3000 -
2500 - 2461

2000 -

1500 -

Number of Pictures

1000 -

Pro-Vaccine

Vaccine Critical Neutral

Figure 3: Class distribution of the training dataset, high-
lighting the natural class imbalance that necessitates our
inverse-frequency weighted loss function.

neural networks toward the majority "Pro-Vaccine"
class. To mitigate this, we apply inverse class
weighting to our loss functions. The weight for
class c is calculated as:

- Ntotal
" CxN,

where Nyyq is the total number of training sam-
ples, C' = 3 is the number of classes, and [V, is the
number of samples in class c.

For our final solution, the model is optimized
using the standard PyTorch Cross-Entropy Loss
function, modulated by these class weights:

c

Lop=—Y_ wiyilog(j)
i=1

To validate this choice, we also formulated an
alternate configuration utilizing Weighted Focal
Loss (Lin et al., 2017) to test if aggressive hard-
example mining would yield better results (detailed
in Section 4.2). We optimize the network using
AdamW with a learning rate of 2 x 10~ and an
increased weight decay of 0.05 to further penal-
ize large weights. We employ a linear learning
rate scheduler with a 10% warmup phase over 10
training epochs, utilizing mixed-precision training
(FP16) with a gradient accumulation factor of 8 to
achieve an effective batch size of 256.

4 Experimental Setup
4.1 Dataset Splits and Preprocessing

We evaluate our proposed pipeline on the official
benchmark dataset provided for the EEUCA 2026
shared task (Naseem et al., 2023; Thapa et al.,
2026a). The dataset consists of multimodal so-
cial media posts annotated for one of three stances:
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Vaccine Critical, Neutral, and Pro-Vaccine. We
strictly utilized the official shared task data splits:
the training set was used for model optimization,
the development (dev) set was used for hyperparam-
eter tuning and ablation validation, and the hidden
test set was exclusively used for the final leader-
board submission.

During preprocessing, we extracted the OCR text
and social media caption, concatenating them using
the standard ‘[SEP]‘ token. As qualitative analysis
of the filtered vocabulary demonstrates, there are
distinct lexical signatures for each class, confirm-
ing strong textual signals exist for our early-fusion
pipeline to exploit. Based on text-length distribu-
tions, all sequences were truncated or padded to a
maximum length of 128 tokens.

4.2 Implementation Details and Tools

Our pipeline was implemented using the PyTorch
framework! and the HuggingFace Transformers
library?. We initialized our text encoder using the
pre-trained ernie-2.0-large-en weights.

To ensure the statistical validity of our findings
and account for the high variance inherent in fine-
tuning large language models on noisy data, ev-
ery architectural variation in our ablation study
was trained across three distinct random seeds (42,
22, and 100). The network was optimized using
AdamW with a learning rate of 2 x 10~ and mixed-
precision training (FP16). Due to space constraints,
the complete list of hyperparameter configurations
required to replicate our experiments is provided
in Appendix A.

4.3 Evaluation Measures

Following the official EEUCA 2026 Codabench
evaluation protocol, system performance is primar-
ily measured using the Macro F1-score. The Macro
F1 calculates the F1-score independently for each
of the three classes and then computes their un-
weighted average. This ensures that performance
on the minority classes contributes equally to the
final score, preventing systems from artificially in-
flating their metrics by over-indexing on the major-
ity class.

"https://pytorch.org, version 2.0.1
2https ://huggingface.co/docs/transformers, ver-
sion 4.30.0

5 Results

5.1 Main Quantitative Findings

Our final optimized pipeline (ERNIE 2.0 + Multi-
Sample Dropout + Cross-Entropy) achieved a peak
Macro F1 score of 0.8340 on the official hidden test
set. This performance secured the 4th place rank-
ing on the final EEUCA 2026 competition leader-
board, demonstrating that a highly regularized,
early-fusion text-only pipeline is highly competi-
tive against complex, multi-stream vision-language
baseline models.

5.2 Quantitative Analysis: Ablation Studies

To better understand our design decisions, we con-
ducted several ablations evaluated on the develop-
ment split (summarized in Table 1).

The Impact of Multi-Sample Dropout: Our
first experiment evaluated the impact of the classi-
fication head. The baseline, utilizing a single 10%
dropout layer, achieved a 3-seed average of 0.8136
on the dev split. By replacing this with our Multi-
Sample Dropout architecture (five parallel masks at
p = 0.3), the average Macro F1-score significantly
increased. This confirms that creating an implicit
ensemble of dropout masks prevents over-indexing
on noisy, batch-specific features.

Cross-Entropy vs. Focal Loss: To validate our
choice of the primary loss function, we conducted
an ablation utilizing Weighted Focal Loss. Con-
trary to our initial hypothesis, our final solution
using standard Cross-Entropy Loss slightly outper-
formed the Focal Loss ablation. Focal Loss aggres-
sively penalizes misclassifications on "hard" exam-
ples. However, in the context of subjective inter-
net sarcasm, these "hard" examples are frequently
mislabeled outliers. By forcing the optimizer to
over-index on these noisy data points, the Focal
Loss model suffered a degradation in generaliza-
tion. Therefore, standard Cross-Entropy provides
the highest robustness against dataset noise.

Cross-Lingual Knowledge Transfer: To test
the boundaries of text-only meme classification, we
conducted an ablation utilizing ERNIE 3.0 Base,
an architecture trained natively on Chinese corpora,
by translating the English memes into Chinese.
As expected, this cross-lingual pipeline suffered
a catastrophic performance drop to 0.7240 Macro
F1. This confirms that meme comprehension relies
heavily on culturally specific slang and regional
context, which machine translation actively strips
away.
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Model Architecture

Macro F1-Score

Standard Head (Baseline)

ERNIE 2.0 + MSD + Focal Loss (Ablation)
ERNIE 2.0 + MSD + Cross-Entropy (Final)

0.8136 4 0.0042
0.8221 £ 0.0028
0.8238 + 0.0102

ERNIE 3.0 (Translated Data Ablation)

0.7240 £ 0.0013

Table 1: Macro Fl-scores for our experimental models and ablation studies. Mean and standard deviation are
calculated on the development split across three random seeds.

5.3 Error Analysis

To better understand the limitations of our text-
only approach, we generated a confusion matrix
based on the development split predictions (Figure
4). While the strong diagonal confirms the efficacy
of our inverse class-weighting, the off-diagonal
clusters reveal that our pipeline primarily struggles
with two highly specific multimodal phenomena,
illustrated in Figure 5.

Neutral Vaccine Critical

True Label

Pro-Vaccine

Neutral Pro-Vaccine
Predicted Label

Vaccine Critical

Figure 4: Confusion matrix of our final ERNIE 2.0 early-
fusion pipeline on the development split. The diagonal
demonstrates balanced learning, while off-diagonal clus-
ters highlight specific vulnerabilities to satirical overlap
and visual punchlines.

First, the model frequently fails due to the inabil-
ity to parse complex pragmatic intent in "debunk-
ing" or satirical posts. As seen in Figure Sa, the
model incorrectly predicts *Vaccine Critical’ due
to the presence of highly critical hashtags, such as
#vaccineinjury and #tonyblairisawarcriminal. Even
though the user included the #vaxxed hashtag, in-
dicating their actual Pro-Vaccine stance, the pool-
ing mechanism fails to recognize that the user is
presenting the other information as an object of
ridicule. The model essentially lacks the human
world knowledge required to distinguish between
endorsement and ironic sharing.

Second, the text-only pipeline inherently fails
on memes where the stance relies exclusively on
visual sarcasm. When a user posts a benign, neu-
tral, or even positive caption paired with a sarcastic
"reaction face" (Figure 5b), the true stance is com-
pletely subverted by the visual modality. Because
our ERNIE encoder is blind to facial expressions
and visual tropes, it evaluates the positive text at
face value and misclassifies the post. This confirms
that while text-only pipelines are highly efficient
and robust against general noise, achieving true
human-level comprehension on internet sarcasm
will ultimately require lightweight visual-feature
integration.

6 Conclusion

In this paper, we presented a highly regularized,
early-fusion text pipeline for the EEUCA 2026
COVID-19 multimodal meme classification task.
Rather than relying on computationally expensive
Large Vision-Language Models, we demonstrated
that extracting image text via OCR and utilizing a
specialized ERNIE 2.0 encoder provides a compet-
itive and efficient alternative.

Crucially, our experiments highlight the dangers
of applying hard-example mining techniques, such
as Focal Loss, to inherently noisy internet datasets.
We found that utilizing standard Cross-Entropy loss
combined with a Multi-Sample Dropout architec-
ture yields superior generalization by smoothing
the loss landscape and ignoring mislabeled outliers.
Without requiring task-specific generative vision
fine-tuning, our robust text-only pipeline achieved
a peak Macro F1-score of 0.834. Future work will
explore applying this lightweight, noise-resistant
classification head to open-source multimodal en-
coders to further capture nuanced visual irony with-
out sacrificing training stability.
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Figure 5: Examples of systematic pipeline failures. (a) The model predicts *Vaccine Critical’ because it heavily
over-indexes on critical hashtags like #vaccineinjury, completely missing the ironic, "Pro-Vaccine’ intent implied by
the #vaxxed declaration. (b) The model fails to recognize the ’Vaccine Critical’ stance because the sarcasm relies

entirely on the visual reaction face, which our text-only pipeline cannot process.

7 Limitations

While our early-fusion text pipeline is highly ef-
ficient, it inherently fails on memes where the in-
tended stance relies exclusively on visual sarcasm.
When a user posts a benign, neutral, or even posi-
tive caption paired with a sarcastic "reaction face,"
the true stance is completely subverted by the vi-
sual modality. Because our ERNIE encoder is blind
to facial expressions and visual tropes, it evaluates
the text at face value and misclassifies the post. Fur-
thermore, it struggles to parse complex pragmatic
intents, such as users sharing critical misinforma-
tion specifically to debunk it. This confirms that
while text-only pipelines are highly robust against
general noise, achieving true human-level compre-
hension on multimodal internet sarcasm will ulti-
mately require lightweight visual-feature integra-
tion.
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A Hyperparameters and Reproducibility

To ensure full reproducibility of our ERNIE 2.0-
Large fine-tuning experiments, we detail the com-
plete set of hyperparameters in Table 2. All models
were trained using PyTorch with Mixed Precision
(FP16) on a single NVIDIA T4 GPU.

Hyperparameter Value

Encoder Architecture ERNIE 2.0 Large (English)
Max Sequence Length 128 tokens

Batch Size 32

Gradient Accumulation 8 steps

Effective Batch Size 256

Epochs 10

Optimizer AdamW
Learning Rate 2x107°

Weight Decay 0.05

Linear with 10% Warmup
5 layers, p = 0.3

Learning Rate Scheduler
Multi-Sample Dropout

Table 2: Detailed training hyperparameters for the opti-
mal Cross-Entropy + MSD configuration.

B Dataset Distribution and Class Weights

The EEUCA 2026 dataset exhibits a natural class
imbalance reflecting real-world social media dis-
tributions. To prevent the model from collaps-
ing into predicting only the majority class, we
applied inverse frequency weighting to the loss
functions. The class weights were calculated as
We = Ntotal/(c X Nc)-

C Detailed Per-Class Performance

While the primary evaluation metric is the un-
weighted Macro F1-score, analyzing the per-class
F1-scores provides deeper insight into the model’s
behavior. As discussed in the main text, the base-
line models consistently struggled with the "Neu-
tral" class due to its highly ambiguous and sar-
castic nature. The combination of early text fu-
sion, Multi-Sample Dropout, and weighted Cross-
Entropy yielded the most balanced performance
across all three classes, preventing catastrophic fail-
ure on the minority "Vaccine Critical" and "Vaccine
Neutral" instances while maintaining high accuracy
on the clear-cut "Pro-Vaccine" memes.

To quantitatively evaluate these dynamics, we re-
port the per-class Precision, Recall, and F1-scores
on the development split in Table 3.

Class Stance Precision Recall F1-Score
Vaccine Critical 0.7867 0.8694 0.8260
Neutral 0.7583 0.7943 0.7759
Pro-Vaccine 0.9452 0.8304 0.8841
Macro Average  0.8301  0.8314  0.8238

Table 3: Detailed performance breakdown per stance
class evaluated on the development split for the final
ERNIE 2.0 + MSD configuration.
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Abstract

This paper describes our system for the
EEUCA 2026 Shared Task on Understand-
ing Toxic Behavior in Gaming Communities.
The task involves classifying World of Tanks
chat messages into six toxicity categories:
Non-toxic, Insults/Flaming, Other Offensive,
Hate/Harassment, Threats, and Extremism. We
explore multiple approaches including encoder-
based models, instruction-tuned LLMs with
LoRA fine-tuning, hierarchical classification,
one-vs-rest strategies, and various ensemble
methods. Our best system combines Llama 3.1
8B with carefully calibrated 5% synthetic data
augmentation, achieving an F1-macro score of
0.6234 on the test set, placing 4th out of 35 par-
ticipating teams. We provide extensive analysis
of the dataset’s annotation patterns and their im-
pact on model generalization, revealing a criti-
cal “validation trap” phenomenon where high
validation performance correlates with poor test
transfer.

1 Introduction

Online gaming communities face significant chal-
lenges with toxic behavior, including harassment,
hate speech, and threats. The EEUCA 2026 Shared
Task on Understanding Toxic Behavior in Gaming
Communities (Thapa et al., 2026) focuses on de-
tecting and classifying toxicity in World of Tanks
chat messages, aiming to promote healthier digital
spaces through Al-based moderation tools.
The task presents several unique challenges:

¢ Extreme class imbalance (81% Non-toxic,
<1% for rare classes)

* Short, informal text with gaming-specific vo-
cabulary

» Multilingual content requiring cross-lingual
understanding

* Subtle distinctions between toxic categories
(e.g., skill-based insults vs. identity-based
hate)

Our main strategy combines instruction-tuned
LLMs (Llama 3.1 8B) with parameter-efficient fine-
tuning via LoRA and carefully calibrated synthetic
data augmentation. We find that a narrow 5% syn-
thetic data ratio is optimal, with deviations in either
direction significantly degrading test performance.

Our key discovery is the ”validation trap” phe-
nomenon: models achieving high validation F1
through conservative predictions (matching vali-
dation distribution) perform poorly on test data.
This affected our larger models most severely, with
12B models showing 0.66 validation F1 but only
0.52 test F1. Our final system achieves 0.6234
F1-macro, placing 4th overall out of 35 teams.

2 Background

2.1 Task Description

The EEUCA 2026 toxicity detection task (Thapa
et al., 2026) is part of the 9th Workshop on Event
Extraction and Understanding (Hiirriyetoglu et al.,
2026). The task requires classifying gaming chat
messages into six categories based on the annota-
tion schema from Bhandari et al. (2023):

0. Non-toxic: Normal or positive communica-
tion

1. Insults/Flaming: Personal attacks targeting
gaming skill

2. Other Offensive: Inappropriate content not
directly attacking

3. Hate/Harassment: Targeted abuse based on
identity

4. Threats: Violence or harm threats

9]

Extremism: Hate ideology and dehumaniza-
tion
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2.2 Dataset

The dataset is derived from the GameTox corpus
(Naseem et al., 2025), comprising World of Tanks
chat messages. Table 1 shows the severe class
imbalance, with Non-toxic messages comprising
81% and rare classes (Threats, Extremism) together
representing less than 0.2%.

Class Count %
0: Non-toxic 34,797 81.0%
1: Insults/Flaming 5,925 13.8%
2: Other Offensive 1,874 4.4%
3: Hate/Harassment 279 0.6%
4: Threats 60 0.1%
5: Extremism 24 0.1%
Total 42,959 100%

Table 1: Training set class distribution showing severe
imbalance.

Our analysis revealed significant data quality pat-
terns: 40.2% of training messages are exact dupli-
cates, and 13.4% have the same text with different
labels. Interestingly, training on deduplicated data
hurt performance (0.44 vs 0.60 F1), suggesting du-
plicates provide beneficial implicit oversampling.

2.3 Related Work

Toxicity detection has been extensively studied us-
ing transformer-based models (Devlin et al., 2019;
Liu et al., 2019). Recent work has shown that
instruction-tuned LLMs can achieve strong perfor-
mance on classification tasks (Wei et al., 2022;
Thapa et al., 2025). Parameter-efficient fine-tuning
methods like LoRA (Hu et al., 2022) enable adap-
tation of large models with limited resources.

Gaming-specific toxicity presents unique chal-
lenges due to domain vocabulary and skill-based
criticism that may or may not constitute toxicity
(Kwak et al., 2015). Hate speech detection more
broadly has been studied with various approaches
(Parihar et al., 2021).

3 System Overview
3.1 Model Architecture

We experimented with multiple architectures:

* XLM-RoBERTa Large (560M): Full fine-
tuning

¢ Gemma 2B (Gemma Team, 2024): LoRA +
8-bit quantization

* Gemma 3 12B (Gemma Team, 2025): LoRA
+ 4-bit quantization

e Llama 3.1 8B (Llama Team, Al @ Meta,
2024): LoRA + 4-bit quantization (best)

Our final system uses Llama 3.1 8B with 4-bit
NF4 quantization (Dettmers et al., 2023) and LoRA
adapters (rank=16, alpha=64).

3.2 Prompt Engineering

Following insights that class definitions help
LLMs discriminate between similar categories, we
prepend structured definitions to each input:

Classify gaming chat toxicity:

0@=Non-toxic: Normal/positive chat

1=Insults: Personal attacks, slurs

2=0ther Offensive: Inappropriate but not

direct

3=Hate/Harassment: Targeted abuse

4=Threats: Violence/harm threats

5=Extremism: Hate ideology

Message: [input text]

This “short” prompt style achieved optimal bal-
ance between context and avoiding truncation.

3.3 Synthetic Data Augmentation

We generate synthetic training data via LLM-based
paraphrase augmentation, focusing on minority
classes. We used a paraphrase-only strategy af-
ter preliminary direct-generation experiments pro-
duced generic messages that did not match the
short, slang-heavy style of real World of Tanks
chat. Each source message was rewritten with the
following template:

Rewrite this World of Tanks game

chat message using different words but

keeping the same meaning and toxicity

level.

Original: [message]

Requirements: Keep EXACT same meaning

and level of toxicity; wuse natural

gaming language, abbreviations, slang;

similar length (3-20 words). Output ONLY

the rewritten message.

The synthetic pool contained 10,464 filtered
paraphrases, all from minority toxicity classes:
8,348 for Class 2 (Other Offensive), 1,633 for Class
3 (Hate/Harassment), 343 for Class 4 (Threats),
and 140 for Class 5 (Extremism). We applied
basic cleaning, invalid-label and length filtering,
label-leakage regex filtering, and embedding-based
deduplication within the synthetic set. Since para-
phrases are intentionally close to their source mes-
sages, we did not remove paraphrases for high sim-
ilarity to the original training examples. Synthetic
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examples were added only to the training partition
after splitting real data; validation remained 100%
real.

For the final 5% setting, we sampled 1,921 syn-
thetic examples from this pool (1,539 Class 2, 282
Class 3, 64 Class 4, 36 Class 5), yielding an actual
synthetic share of 4.998% of the training data. The
synthetic ratio proved critical:

* 5% synthetic: Optimal, with best test transfer

* 0% synthetic: Strong validation F1 but lower
test transfer

* 10% synthetic: Lower validation and test per-
formance than 5%

The narrow optimal range suggests synthetic
data helps by making predictions more “aggressive”
on minority classes, better matching test distribu-
tion.

4 Alternative Approaches

We explored several alternative strategies that ulti-
mately underperformed:

Hierarchical Classification: Two-stage ap-
proach (binary toxic/non-toxic, then 5-class among
toxic) achieved 0.67 validation F1 but only 0.47
test F1, the largest generalization gap observed.

One-vs-Rest: Six binary classifiers with aggres-
sive oversampling (up to 500x) and focal loss (Lin
et al., 2017). Too conservative at 0.56 validation
FI.

Transfer Learning: Pre-training on DOTA 2
toxicity data before fine-tuning resulted in valida-
tion trap (0.68 val — 0.55 test).

Ensemble Methods: Probability averaging, vot-
ing, and confidence routing generally hurt perfor-
mance because our best single model dominated
all classes.

Post-hoc Calibration: Platt scaling, isotonic
regression, and temperature scaling provided no
improvement.

5 Experimental Setup

5.1 Training Configuration
* Model: Llama 3.1 8B

¢ Quantization: 4-bit NF4

LoRA: rank=16, alpha=64, dropout=0.0

* Learning rate: 5e-5 (cosine schedule)

* Epochs: 4

Batch size: 4 (gradient accumulation: 4)
* Loss: class-weighted cross-entropy

* Synthetic ratio: 5%

* Max sequence length: 384

5.2 Evaluation

The official metric is macro-averaged F1 score
across all six classes. We used the provided vali-
dation split for development and hyperparameter
tuning.

6 Results
6.1 Main Results

Table 2 compares our approaches. Llama 3.1 8B
with 5% synthetic data achieves the best test perfor-
mance. The unboosted 5% synthetic model scored
0.6232; a small post-hoc Class 2 boost increased
the official submitted score to 0.6234.

System ValF1 Test F1
XLM-RoBERTa Large 0.30 -
Gemma 2B 0.63 0.52
Gemma 12B 0.66 0.52
Two-stage 0.67 0.47
Llama 8B (no synth) 0.6554  0.5971
Llama 8B + 5% synth  0.6271  0.6234

Table 2: System comparison. Best test result in bold.

6.2 Synthetic Data Ablation

Table 3 shows the critical sensitivity to synthetic
ratio.

Synth Ratio Val F1  Test F1
0% 0.6554  0.5971
5% 0.6271  0.6232
10% 0.5499  0.5851

Table 3: Effect of synthetic data ratio on Llama 8B.

To understand why 5% transferred best, we com-
pared test prediction distributions for the Llama
8B models in Table 4. The 5% model reduced
Non-toxic predictions and increased predictions
for Classes 2 and 3, the confusable minority cat-
egories most affected by the train/test annotation
shift. Higher synthetic ratios did not preserve this
balance in class-level decisions and reduced test
Fl1.
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Prediction 0% synth 5% synth  10% synth
Class 0: Non-toxic 79.6% 79.0% 78.7%
Class 1: Insults 14.8% 14.3% 13.9%
Class 2: Other 4.9% 5.7% 6.6%
Class 3: Hate 0.6% 0.7% 0.6%
Test F1 0.5971 0.6232 0.5851

Table 4: Test prediction distribution for Llama 8B
synthetic-data variants.

6.3 Per-class Performance

Table 5 shows per-class F1 for the final submit-
ted system on the provided development split and
the released test labels. Performance correlates
roughly with class frequency, with Class 2 (Other
Offensive) and Class 3 (Hate/Harassment) being
particularly challenging.

Class DevF1 Test F1
0: Non-toxic 0.95 0.94
1: Insults/Flaming 0.75 0.74
2: Other Offensive 0.47 0.44
3: Hate/Harassment 0.45 0.43
4: Threats 0.57 0.33
5: Extremism 0.57 0.86

Table 5: Per-class F1 for the final submitted system.

7 Analysis
7.1 The Validation Trap

Our most significant finding is the “validation trap™:
models achieving high validation F1 through con-
servative predictions (matching the 81% Non-toxic
distribution) performed poorly on test. Evidence
includes:

e Gemma 12B: 0.66 val — 0.52 test
e Transfer learning: 0.68 val — 0.55 test
* Two-stage: 0.67 val — 0.47 test

Models predicting more minority classes (2, 3)
performed better on test, suggesting different anno-
tation patterns between splits.

7.2 Why 5% Synthetic Works

The 5% ratio appears to increase minority class pre-
dictions without overwhelming original patterns.
The distribution analysis in Table 4 supports this
interpretation: relative to the no-synthetic Llama
8B model, the 5% model predicts fewer Non-toxic

messages and more Class 2/3 messages, which im-
proves test transfer. Higher synthetic ratios did not
yield the same class-level accuracy: the 10% model
shifted predictions further toward Class 2 but lost
roughly 0.038 test F1, suggesting that excessive
synthetic data can reinforce artifacts or shift the
model away from the test annotation pattern.

7.3 Error Analysis

Common error patterns include:

* Confusion between Class 1 (Insults) and Class
2 (Other Offensive)

* Multilingual messages misclassified as Non-
toxic

* Gaming slang incorrectly flagged as toxic

8 Conclusion

We presented a comprehensive exploration of ap-
proaches for gaming toxicity detection. Key find-
ings:

1. Llama 3.1 8B outperformed both smaller and
larger models

2. Synthetic data has a narrow sweet spot (5%)

3. Validation metrics can be misleading due to
distribution shift

4. Ensembles don’t help when one model domi-
nates

Our system achieves 0.6234 F1-macro, placing
4th out of 35 teams. Future work could explore
better handling of distribution shift and external
gaming-specific data.

Limitations

Our analysis is limited to this specific dataset.
The “validation trap” phenomenon may be dataset-
specific and not generalize. Computational con-
straints limited exploration of larger models and
longer training. The synthetic data approach re-
quires access to commercial LLM APIs.

Ethics Statement

This work involves detecting toxic content in gam-
ing chat. Models could potentially be misused to
generate toxic content or for surveillance. We advo-
cate for responsible deployment in content moder-
ation systems with human oversight, transparency
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about automated decisions, and appeal mechanisms
for users.
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A Full Test Performance

Table 6 reports the full test-set classification re-
port for the final submitted system. These scores
were computed after the official test labels were
released, using the submitted predictions that
achieved 0.6234 macro-F1.

Class Precision  Recall F1  Support
0: Non-toxic 0.9620 0.9242  0.9427 4351
1: Insults/Flaming 0.7563  0.7318 0.7438 742
2: Other Offensive 0.3396 0.6128 0.4370 235
3: Hate/Harassment 0.4103 0.4444 0.4267 36
4: Threats 0.3000 0.3750 0.3333 8
5: Extremism 0.7500  1.0000 0.8571 3
Macro average 0.5864 0.6814 0.6234 5375
Weighted average 0.9016  0.8800 0.8887 5375

Table 6: Full test-set classification report for the final
submitted system.

B Additional Experimental Results

Table 7 summarizes additional systems and abla-
tions explored during development. The pattern
reinforces the main paper’s validation-trap finding:
several systems improved validation F1 but trans-
ferred poorly to the test set, while the final Llama
8B system with a small amount of synthetic data
gave the best test performance.

System ValF1  TestF1  Notes

Zero-shot GPT-4o0-mini 0.4630 0.4126 Direct prompting; over-
predicted minority classes

Two-stage Gemma 2B 0.6749 ~0.47 Binary toxic detector plus
toxic-only classifier

Gemma 2B 0.63 ~0.52 Single-stage LoRA base-
line

Gemma 12B 0.662 ~0.52 Higher validation F1 but
conservative test predic-
tions

Prompted ensemble 0.6201 0.5762 Average of prompted 2B
models

Multi-step ensemble 0.6280 0.5810 Confidence-based routing

Gemma 2B train-all - 0.5898 Trained on combined train
and validation data

Llama 8B, no synthetic 0.6554 0.5971 Best single model before
augmentation

Llama 8B + 10% synthetic ~0.65 0.5851 Higher synthetic ratio hurt
transfer

Transfer DOTA2 — Game-  0.6815 ~0.55 Gaming-domain pretrain-

Tox ing caused validation trap

Llama 8B + 5% synthetic 0.6271 0.6232 Best unboosted model

Final Class 2 boost - 0.6234 Official submitted system

Table 7: Additional systems and ablations evaluated
during development.
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Abstract

Online gaming involves large amount of peo-
ple forming a large community of players who
interact in real time. Toxic behavior in on-
line chat is common and can harm players by
deterring them. Thus, automated moderation
is a necessity but difficult because game chat
mixes domain-specific slang, deliberate obfus-
cation, informal "gamer" language , and lim-
ited coverage for categories such as threats and
extremism. This paper describes the TAGA
(Token-Attribution Guided Attention) system
submitted to the EEUCA 2026 Shared Task
on Understanding Toxic Behavior in Gaming
Communities. We propose TAGA, an archi-
tecture that employs a leave-one-out attribu-
tion method using the Detoxify toxicity scorer
to compute per-token attribution scores across
multiple toxicity dimensions, which are then
projected into the learned attention biases that
steer the model toward toxicity-indicative to-
kens. By preparing a five phase ablation study,
we demonstrate that each component: domain-
specific preprocessing, focal loss with label
smoothing, attribution-guided attention pool-
ing, and dual-model Detoxify features with
strategic oversampling contributes to a cumu-
lative gain in macro-F1 score points over the
DeBERTa-v3-base baseline reported. The fi-
nal system achieves a test macro-F1 score of
0.618 and, importantly, produces non-zero pre-
dictions for extreme data imbalance present in
the dataset used in the shared task.

1 Introduction

The rapid rise of the culture of online gaming
has created several communities where millions
of players interact with each other in real time over
chat. While most of these interactions are fruitful
and often positive, toxic behavior such as harass-
ment, threats, hate speech, and extremism, still
remains prevalent and can cause significant mental
harm, psychological harm and damage to players
(Kwak et al., 2015; da Silva et al., 2020). Hate

speech detection using NLP has seen significant
improvements with the advancements in language
models (Parihar et al., 2021), yet moderating game
chat at scale remains challenging due to the unique
linguistic characteristics and gamer speak of the
community.

Gaming chat exhibits several linguistic proper-
ties that distinguish it widely from standard social
media text: extensive use of game-specific slang,
deliberately obscuring chats through leetspeak sub-
stitutions (e.g., “naz1” for “nazi”), and highly com-
pressed messages where a single word may carry
the entire toxic intent (Mirtens et al., 2015; Black-
burn and Kwak, 2014). Furthermore, the distribu-
tion of toxicity categories is severely imbalanced:
in the GameTox dataset (Naseem et al., 2025), non-
toxic messages constitute over 81% of the data,
while critical categories like Threats (0.14%) and
Extremism (0.06%) contain fewer than 60 sam-
ples each. The annotation schema follows the
hate speech categorization framework established
in Bhandari et al. (2023).

The EEUCA 2026 Shared Task on Under-
standing Toxic Behavior in Gaming Communities
(Thapa et al., 2026), which is organized as a part of
the 9th Workshop on Event Extraction and Under-
standing (Hiirriyetoglu et al., 2026), provides a plat-
form for developing and benchmarking automated
toxicity detection systems on this challenging set
of data. Naseem et al. (2025) introduced Game-
Tox, which is a dataset consisting of 53K game
chat utterances from the World of Tanks game and
annotated for both utterance-level intent classifica-
tion (6 classes) and token-level slot filling (4 slot
types). Their baseline experiments showed that us-
ing Joint BERT (Chen et al., 2019) achieved the
best performance among the 12 baseline models
which were evaluated. However, the gap between
the performance of slot-filling (0.99 F1) and intent
classification (0.89 F1) suggests that understanding
the overall intent of a message, particularly for rare
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categories, still remains as a challenging task.

In this work, we propose TAGA, our submission
to the EEUCA 2026 shared task. TAGA combines
token-level toxicity signals and utterance-level in-
tent classification through an attribution-guided at-
tention mechanism. Rather than relying on manu-
ally annotated slot labels, TAGA automates com-
putation of token-level toxicity attributions using
leave-one-out token approach with the Detoxify
toxicity scorer (Hanu and Unitary team, 2020).
These attributions are then projected into the at-
tention bias terms that guide the model toward de-
termining the tokens which are the most indicative
of the utterance’s toxicity. Our key contributions
are:

1. A token-attribution guided attention mecha-
nism that injects externally computed toxicity
signals into the attention bias and computes
using a pre-trained language model.

2. A multi-channel attribution approach using
leave-one-out perturbation across four toxic-
ity classes to capture fine-grained token-level
signals.

3. A comprehensive domain-specific prepro-
cessing pipeline for gaming chat that handles
the linguistics of gamer chat such as leetspeak,
gaming abbreviations, and censored profanity.

4. A rigorous five-phase ablation study demon-
strating a cumulative macro-F1 of 0.618 on
the shared task.

2 Related Work

Toxicity detection in gaming: Early computa-
tional work for classifying game toxicity in chats
used crowdsourced moderation signals and rich
behavioral features: Blackburn and Kwak (2014)
built a large scale corpus of utterances from the
game-League of Legends and trained Random
Forests classifiers over hundreds of in-game and
chat-derived features to predict community level
toxicity. Mirtens et al. (2015) introduced a lexicon-
driven annotation pipeline for the chat for the game-
Dota 2 and released a resource called DotAlicious
for analysis of utterance-level toxic vs. non-toxic.
Stoop et al. (2019) proposed a conversation-aware
modeling approach (the HaRe framework), which
maintained per-user toxicity estimates and were up-
dated with each new message for detection of real-
time harassment in the game-League of Legends.

The more recent, Yang et al. (2023) introduced
ToxBuster, which conditioned line-level toxicity
on the chat history and metadata across several
multiplayer titles; in a post-game moderation set-
ting they reported metrics which flagged 82.1% of
chat-reported players at a precision of 90.0%, and
identifying an additional 6% of toxic players who
were not reported by other players.

Multi-class intent and joint token supervision
(GameTox): Naseem et al. (2025) released Ga-
meTox, 53K utterances from the game-World of
Tanks with six-way intent labels and token-level
slot labels, together with human annotation for clas-
sification and LLM verification. On the English-
only subset, their baselines indicated that intent
level classification is substantially harder than sim-
ply using slot filling, the strongest joint model,
Joint BERT (Chen et al., 2019), achieved an in-
tent macro-F1 (I-F1) = 0.89, slot macro-F1 (S-F1)
= 0.99, and intent accuracy (ICA) = 0.89. The
explanation-centric framework called ToXCL pro-
posed in (Hoang et al., 2024) reached an I-F1 =
0.87 and ICA = 0.88. Several of the LLM baselines
are below the joint NLU models on this benchmark
(e.g., The Gemma-7B model (Gemma Team et al.,
2024) I-F1 = 0.74; The Mistral-7B model (Jiang
et al., 2023) 0.69; Flan-T5-XL (Chung et al., 2024)
0.68; Llama-2-7B (Touvron et al., 2023) 0.65), this
supported the claim that token-level slot supervi-
sion helps the models to cope with game-specific
obfuscate toxic language.

Offensive language and hate speech (non-
gaming benchmarks): The corresponding
progress for the toxicity identification on social
media included the identification of offensive
language (Zampieri et al., 2019), large-scale
abusive-behavior characterization (Founta et al.,
2018),as well as detection of multi-aspect cyberbul-
lying (Salawu et al., 2021), as well as benchmarks
for rationale-grounded hate-speech (Mathew
et al., 2021). These resources advanced the toxic
language modeling from coarse to fine grain, but
the schema for labels as well as domain differ from
that of multi-intent game chat, where slang, obfus-
cation, and community norms dominate (Naseem
et al., 2025).

3 Shared Task & Dataset

Task description: The EEUCA 2026 Shared
Task on Understanding Toxic Behavior in Gam-
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Label Train % Val %
Non-Toxic 34797 81.00 4349 81.03
Insults & Flaming 5925 13.79 740 13.79
Other Offensive 1874 436 234 436
Hate & Harassment 279  0.65 34 0.63
Threats 60 0.14 7 0.13
Extremism 24 0.06 3 0.06
Total 42959 100 5367 100

Table 1: Intent label distribution in our train/validation
splits (test size: 5375).

ing Communities (Thapa et al., 2026; Hiirriyetoglu
et al.,, 2026) challenges participants to classify
game chat utterances into six toxicity intent cat-
egories. The task is framed as a single-label
multi-class classification problem, evaluated on
the macro-F1 score to equally weight rare and fre-
quent classes to properly account for the class im-
balances.

Dataset: The task uses the GameTox dataset
(Naseem et al., 2025), comprising about 53,000
utterances from the World of Tanks game chat.
The annotation schema follows the toxicity catego-
rization framework established in Bhandari et al.
(2023). Each utterance is classified into one of six
categories: Non-Toxic, Insults and Flaming, Other
Offensive Texts, Hate and Harassment, Threats,
and Extremism. The annotations were produced
through a human-LLM collaborative process with
a three-phase schema achieving a Fleiss” Kappa of
0.91 (Falotico and Quatto, 2015).

Data split: The English-only subset of utterances
is split into training (42959), validation (5367), and
test (5,375) sets. As shown in Table 1, the dataset
exhibits severe class imbalance, with Non-Toxic
comprising 81.00% and Extremism only 0.06% of
the data.

4 Methodology

Figure 1 illustrates the overall architecture of our
proposed TAGA approach. It consists of four com-
ponents:

4.1 Pre-processing

Gaming chat requires specialized normalization to
recover the semantic meaning which is obscured in
the content by informal writing conventions. We
implement three domain specific methods utterance
identifiers for this:

INPUT TEXT

DOMAIN
PREPROCESSING

l

CLEAN TEXT

LANGUAGE
MODEL PATHWAY

TOXICITY
SIGNAL PATHWAY

DeBERTa-v3
ENCODER

!

HIDDEN STATES

DETOXIFY LEAVE-
ONE-OUT

}

TOKEN
ATTRIBUTIONS A

[CLS] ®
AttrAttn(H,A)
® SentFeats

A

DEEP
CLASSIFICATION
HEAD

4

INTENT
PREDICTION

Figure 1: Overview of the TAGA architecture.

Leetspeak Decoding: We decode common char-
acter substitutes using numbers found in the dataset
like (e.g., “nazl” — “nazi”, “bltch” — “bitch”,
“hltler” — “hitler”). These substitutes are gener-
ally prevalent in Extremism and Hate categories
where users attempt to evade the hate speech filters
in various games.

Gaming Abbreviation Expansion: We manu-
ally handle 22 gaming-specific abbreviations which
are commonly used in World of Tanks and other
similar games (e.g., “kys” — “kill yourself”, “stfu”
— “shut the fuck up”, “inting” — “intentional feed-
ing”). This normalization is crucial as many ab-
breviations carry strong sentiments representing
toxicity that would be opaque to the models and
not classified as toxic if trained on standard En-

glish.
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Uncensoring: We use regex-based patterns
checks to recover censored words and phrases
where characters are replaced with special symbols
like (e.g., “f**k” — “fuck”, “sh#t” — “shit”). This
causes the model to understand and thus leverage
the full semantic content of the utterance.

4.2 Token-Level Attribution

A key insight which motivates the use of TAGA
is that the contribution of individual tokens to an
utterance’s toxicity can be estimated by measuring
the effect on toxicity on their removal. We compute
token-level attributions using the Detoxify toxicity
scorer (Hanu and Unitary team, 2020), which is
a suite of models trained on the Jigsaw toxicity
datasets (Jigsaw/Conversation Al, 2018).

Leave-One-Out Attribution: For each utterance
x = (wy,wa, ..., w,), we first obtain baseline tox-
icity scores considering all tokens b € R across
C' = 4 channels (toxicity, threat, insult, identity
attack) using the Detoxify unbiased model. For
utterances where byoxiciy > 7 (we use 7 = 0.15),
we compute the toxicity attribution of each token
w; by measuring the score drop when that token is
removed:

(D

where x; represents the utterance with token w;
removed and s.(-) returns the score for the chan-
nel c¢. The max(0, -) clipping makes sure that only
tokens that contribute to decreasing toxicity con-
tribute positively to toxicity attributions. This pro-
duces an attribution matrix A € R™*¢ for each
utterance.

a; . = max (O, be — SC(X\i))

Efficiency: We minimize attribution computation
to the first 30 tokens per sentence and skip non-
toxic utterances (byoxiciy < 7), setting their attri-
butions to zero which reduces the total number of
Detoxify inference calls substantially and retains
attributions for all of the remaining toxic content

as required.

4.3 Sentence-Level Toxicity Features

In addition to the token-level attributions, we also
extract sentence-level features from two Detoxify
model variants:

2

where each d € R” contains score for toxicity,
severe toxicity, obscenity, threat, insult, identity

. 14
fsent — [dunbiaseda doriginal] eER
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attack, and sexual explicitness. The dual-models
used capture complementary perspectives on toxi-
city, as the two Detoxify variants were trained on
completely different subsets of the Jigsaw data and
different debiasing strategies.

4.4 TAGA Model Architecture

Encoder: We implement an encoder, pre-trained
DeBERTa-v3-base model (He et al., 2023) as our
backbone encoder, which produces contextualized
token representations H = (hy,...,hy) € RI>4
where L is the sequence length and d = 768 is
the hidden dimensions. DeBERTa’s disentangled
attention mechanism (He et al., 2021) separately en-
codes the content and position information and pro-
vides stronger representations than standard BERT.

Attribution-Guided Attention Pooling: Instead
of relying solely on the [CLS] token, we compute a
weighted sum of all the token representations and
use attention scores that are biased using the token-
level attributions. The attention logits are given
as:

e; =w ' tanh(W,hy)+  g(ay) 3)
S~

attribution bias

content attention

where W, € R?%%? and w € R?°0 are learn-
able parameters for content-based attention, a; €
RC is the attribution vector for token 7 (aligned to
subword tokens), and g : R — R is a learned
projection:

g(a) = v GELU(W,a+b,) +b, (4

with W, € R'6%C The attribution projection
is initialized with small weights (std = 0.02) to en-
sure that the model relies initially on content-based
attention and then gradually learns to incorporate
token level attribution signals during training.

The attention-pooled representation is computed
as:

exp(e;)

_ 5
> exple;) O

L
hyim = g aih;, oy =
i—1

where padding positions are masked with —oo
before applying softmax.



Classification Head: The final representation
combines the [CLS] token, the attribution-guided
attention pooling, and sentence-level features to-
gether into one:

Z = [hCLS§ hyin; fsent] S R2d+14 (6)

This is then sent through a three-layer classifica-
tion head:

y = W3- GELU(W3 - GELU(W;z)) (7)

having hidden dimensions of 512 and 256, and
dropout (rate 0.15) being applied after each activa-
tion.

4.5 Training

Focal Loss: In order to address the severe class
imbalance, we use focal loss (Lin et al., 2017)
alongside class-dependent weights:

K

Lioca = — Y wi(1 —pi)yelogpr (8
k=1

where v = 2.0 is the focusing parameter, ¥y,
is the one-hot target label with label smoothing
(Szegedy et al., 2016) (¢ = 0.05), and w, =

N/(K -ny) are class weights derived from
the original (pre-oversampling) class frequencies
which are then clipped to [1, 5].

Auxiliary Token-Level Loss: We implement an
auxiliary token-level loss that allows the model to
predict token-level toxicity from the hidden repre-
sentations:

Laux = - B(1) -MSE(U(’E),Clamp(Zc ac,0,1))
) €)
where t are individual token predictions from a
lightweight head, A = 0.02 controls the auxiliary
loss weight, and 5(t) = max(0,1—¢/T) is a linear
anneal that reduces the auxiliary supervision over
the epochs. This loss causes the encoder to develop
token-level toxicity awareness early in training and
is gradually relaxed as the main classification ob-
jective begins to take precedence.

Total Loss:

L= £f0c31 + Eaux (10)

Strategic Oversampling: We apply specific
class level oversampling with augmentation to ad-
dress the extreme class imbalance in the dataset.
Target sample counts are set per class (e.g., 2,500
for Other Offensive, 600 for Threats, 300 for Ex-
tremism), with duplication up to 15x and text aug-
mentation (word swaps, deletions, duplications,
shuffling) for classes with fewer than 100 origi-
nal samples. Oversampled copies however retain
the original Detoxify features while augmented
texts receive zero attributions, preventing the model
from overfitting to noisy augmented attribution pat-
terns.

Optimization: We use AdamW optimizer with
differential learning rates: 1.5 x 107> for the en-
coder and 7.5 x 1072 (5x) for the classification
head and attribution projections. We also use a
cosine scheduler with 6% warmup (Loshchilov
and Hutter, 2017) that controls the learning rate
over 5 epochs of training and has a batch size of
32. We employ mixed-precision training (Micikevi-
cius et al., 2018) and gradient checkpointing (Chen
et al., 2016) for memory efficiency on a single
NVIDIA T4 GPU.

S Experiments and Ablation Study

We conducted a rigorous ablation study to isolate
the contribution of each component in the system.
Starting from a DeBERTa-v3-base baseline, we in-
crementally added gaming-domain preprocessing,
a redesigned loss function, architectural enhance-
ments, and our proposed TAGA feature set incre-
mentally. A final competition configuration (ES)
is used to train on the combined train+validation
split. With the release of true test labels, all exper-
iments EO-E4 are now evaluated directly on the
held-out test split. Performance is reported using
Test Macro-F1.

5.1 Results

Table 2 summarizes the cumulative effect of each
component on the true test Macro-F1.

5.1.1 Baseline (E0)

Five transformer models are fine-tuned with a sin-
gle linear classification head on raw, uncleaned
game-chat data using standard cross-entropy loss,
without class balancing or preprocessing (Table 3).
All five models remain below 0.51 macro-F1 which
is a disconnect driven by the near-complete failure
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Phase  Description Macro-F1 Accuracy Precision Recall
EO Vanilla DeBERTa-v3, CLS pooling, CE loss, raw text 0.4983 0.8789 0.4731 0.5348
E1l + L33t decode + slang normalisation + uncensoring 0.5086 0.8798 0.4817 0.5425
E2 + Focal loss (y=2) + class weights + label smoothing 0.5114 0.8945 0.5013 0.5245
E3 + CLS+attention pooling + deeper head + differential LR 0.4959 0.9003 0.4900 0.5047
E4 + Dual Detoxify (14-d) + attribution + oversample + aux loss 0.5905 0.8915 0.5841 0.6012
ES Full data (train+val), all E4 components 0.6186 0.8902 0.6047 0.6497
Table 2: Incremental test performance across phases.

Model Macro-F1 Accuracy Precision Recall

BERT-base 0.4747 0.8969 0.5079  0.4588

HateBERT 0.4961 0.8966 0.5104  0.4876

ToxicBERT 0.5044 0.8997 0.5177  0.4935

RoBERTa-base 0.4976 0.9018 0.5351 0.4720

DeBERTa-v3-base 0.4983 0.8789 0.4731 0.5348

Table 3: Baseline Model Performance on Test Set (Phase EQ) where models are arranged in ascending order of

parameter size.

on minority classes, where Threats and Extrem-
ism yield near-zero F1 across all models. Toxi-
c¢BERT achieves the best macro-F1 (0.5044), while
RoBERTa-base leads in precision (0.5351) and ac-
curacy (0.9018). DeBERTa-v3-base, despite the
lowest precision (0.4731), achieves the highest re-
call (0.5348), reflecting greater sensitivity to mi-
nority class instances. Given its disentangled atten-
tion mechanism and ELECTRA-style pre-training,
DeBERTa-v3-base is selected as the backbone for
all subsequent phases.

5.1.2 Gaming-Domain Preprocessing (E1)

Gaming communities employ three main strategies
to obscure toxicity in game chat that defeat the
baseline tokenizer: Leetspeak (“nd4z1” — “nazi”),
community slang (“noob”, “rekt”), and censored
profanity (“f***” — “fuck”). We evaluate each
normalisation step and then run it in combination
reporting a test macro-F1 of 0.5086.

5.1.3 Loss Function Redesign (E2)

The six-class distribution is severely imbalanced
towards non toxic utterances: Non-toxic (81.0%)
versus Extremism (0.06%). The standard cross-
entropy loss ignores this imbalance. Thus, we eval-
uate two specific alternatives:

Focal loss with weights and smoothing (E2b)
achieves the highest test F1 of 0.5114, outper-
forming class-weighted CE (E2a, 0.4961). The
combined configuration is nonetheless adopted for
its stable training foundation across subsequent

Variant Configuration Val F1 Test F1

E2a Class-weighted CE 0.5061 0.4961
E2b Focal + weights + smoothing 0.5102 0.5114

Table 4: Loss function ablation across class weighted
CE and Focal loss with weights and smoothing.

phases. Despite improvements, loss reweighting
alone cannot overcome extreme data scarcity.

5.1.4 Architecture Enhancements (E3)

We replace the single CLS token with a learned
attention pooling mechanism that combines CLS
with all token representations. Thus we hypothe-
sized that toxic signals are concentrated in specific
words or threat tokens rather than the global CLS
embedding. We also deepened the classification
head (Linear—GELU—Dropout—Linear) and ap-
plied a 5x differential learning rate multiplier to
the head versus the backbone of the model. On
the true test set, these changes yield a macro-F1 of
0.4959, a regression from the F1-score in E2. This
drop suggests that the deeper head and attention
pooling mechanism slightly overfit the training dis-
tribution on the unseen test data, confirming that ar-
chitectural capacity alone is not the primary bottle-
neck. The performance gap is instead attributed to
the absence of explicit toxicity signals, which moti-
vates the feature-level augmentation introduced in
E4.
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5.1.5 Dual TAGA Feature Set (E4)

Phase 4 introduces our primary contribution to the
task: combines the TAGA feature set which com-
prises (i) dual Detoxify sentence vectors, (ii) token-
level attribution scores, (iii) minority-class over-
sampling, and (iv) an auxiliary toxicity regression
loss. We ablate for the Detoxify components in
Table 5.

E4a, which introduces sentence-level Detoxify
features without oversampling or auxiliary super-
vision, yields a test macro-F1 of 0.4480, below
the EQ baseline (0.4983). This regression indicates
that Detoxify features alone are insufficient and
may introduce noise without a training objective
that directs the model to exploit them; the minority
classes remain suppressed under standard cross-
entropy. The combination of oversampling and
auxiliary loss (E4b) is the decisive factor: even
with a single-model 7-d Detoxify vector, test macro-
F1 jumps to 0.5887 and Extremism F1 becomes
non-zero (0.480) for the first time. The full dual-
model configuration (E4) further improves Hate F1
to 0.500 and consolidates Extremism at 0.500. E4
achieves 0.5905, a significant improvement over
the EQ baseline.

5.1.6 Final System Configuration (ES)

ES maximises the available training signal by com-
bining the train and validation splits before fine-
tuning, ensuring that every annotated example -
including the rarest Extremism (27 samples) and
Threats (67 samples) - contributes to the final
model. Training on the full labelled data yields
a test macro-F1 of 0.618, improving over E4 and
our best submitted result.

5.2 Per-Class Analysis

Table 6 traces per-class F1 across all phases. Non-
toxic and Insults remain stable across all phases,
confirming that majority classes are well-captured
from the baseline. The Hate class improves con-
sistently from 0.476 (EO) to 0.542 (E2), driven
by slang normalisation in E1 and loss redesign in
E2, before settling at 0.500 in E4. Threats shows
rising sharply from 0.338 (EO) to 0.410 (E1) due
to L33t-speak decoding, dipping through E2-E3,
and recovering to 0.420 in ES with oversampling
and auxiliary loss. Extremism remains zero across
EO-E3 and first becomes non-zero in E4 (0.500),
rising further to 0.667 in ES the single largest per-
class gain across all phases, directly attributable
to the TAGA oversampling and token attribution

strategy providing sufficient training signal for this
24-sample minority class.

5.3 Error Analysis

We believe that documenting negative results and
error analyses is as valuable as reporting perfor-
mance gains. Therefore, we detail both the suc-
cesses of the TAGA system and the surprising fail-
ure modes that emerged across our five-phase abla-
tion.

Architecture regression in E3. A counterintu-
itive finding is that the introduction of attention
pooling and a deeper classification head in E3 de-
creased test macro-F1 by 1.55 pp relative to E2,
despite these components being theoretically well-
motivated. We hypothesize that the increased ca-
pacity of the head, combined with the absence of
explicit toxicity signals, caused the model to over-
fit to the majority-class distribution of the training
data. This result suggests that architectural com-
plexity without complementary feature-level induc-
tive bias is insufficient, and potentially harmful, for
severely imbalanced datasets.

Detoxify features without oversampling are
counterproductive. E4a, which adds sentence-
level Detoxify features without oversampling or
auxiliary supervision, produces a test macro-F1
of 0.4480 below the EO baseline of 0.4983. This
negative result reveals that injecting external toxi-
city signals into a model trained under standard
cross-entropy on an imbalanced dataset can ac-
tively degrade minority class performance. The
Detoxify features introduce a richer signal space
that the model cannot exploit without a comple-
mentary training objective that forces recovery of
minority classes. This finding motivates the joint
introduction of oversampling and auxiliary loss in
E4b, which together produce the decisive perfor-
mance jump.

Confusion between Extremism and Hate. Even
in our best configuration (ES), the model achieves
only 0.469 on the Hate class despite achieving
0.667 on Extremism. Manual inspection of mis-
classified utterances reveals that group-targeted lan-
guage involving political or ethnic references is
frequently confused between the two categories,
as the distinction requires contextual world knowl-
edge that extends beyond the surface form of the
utterance. This is an inherent limitation of the
classification of the level of utterance without the

204



Variant Components Test F1 Threats Extremism  Hate

E4a 7-d unbiased (Sent-level only) (no oversample, no aux)  0.4480 0.2500 0.000 0.3950
E4b 7-d unbiased + oversample + aux 0.5887 0.4200 0.4800 0.4750
E4 Dual TAGA (14-d + attr + oversample + aux) 0.5905 0.3880 0.5000 0.5000

Table 5: Detoxify component ablation showing the impact of sentence-level features, oversampling, and token

attribution on Test F1 across the rarest toxicity classes.

Phase Non-toxic Insults Other Hate Threats Extremism Macro-F1
EO Baseline 0.952 0.768 0.456 0.476 0.338 0.000 0.498
El1 Preprocessing 0.951 0.764 0.418  0.509 0.410 0.000 0.508
E2 Loss redesign 0.946 0.762 0.460 0.542 0.350 0.000 0.511
E3 Architecture 0.948 0.765 0.442  0.495 0.325 0.000 0.495
E4 Dual TAGA 0.948 0.762 0.445  0.500 0.388 0.500 0.590
E5 Full TAGA 0.947 0.763 0.436  0.469 0.425 0.667 0.618

Table 6: Per-class Test F1 across ablation phases.

context of the discourse.

6 Conclusion

We presented our TAGA architecture, which is a
submission to the EEUCA 2026 Shared Task on
Understanding Toxic Behavior in Gaming Commu-
nities (Thapa et al., 2026). Through a systematic
and rigorous five-phase ablation, we demonstrated
that each component contributes meaningfully to
the final result.

Our work demonstrates that extracting explicit
toxicity attribution from pre-trained scorers can
serve as an effective and meaningful inductive
bias for attention-based models, providing a princi-
pled way to incorporate domain knowledge without
manual human token-level annotation. Future work
could explore extending TAGA to joint intent-slot
classification, applying the attribution mechanism
to other toxicity detection domains, and investigat-
ing gradient-based attribution methods to reduce
the O(n) preprocessing cost of leave-one-out per-
turbation.

Limitations

Our work has several limitations. First, the leave-
one-out attribution computation requires O(n) time
forward passes through the Detoxify model per
toxic utterance, making it expensive to run at scale.
Gradient-based attribution methods could provide a
more efficient alternative. Second, our approach is
evaluated only on a single dataset (GameTox) from
one game (World of Tanks), and generalization to
other gaming communities with different linguis-
tic norms and game talk remains to be validated.
Third, the extreme rarity of certain categories (27

Extremism, 67 Threats samples total) makes robust
evaluation statistically challenging, and results on
these classes should be interpreted with appropriate
uncertainty. Finally, our preprocessing pipeline re-
lies on manually curated lexicons for leetspeak and
gaming abbreviations, which may not generalize
to evolving gaming slang and may require manual
updating.

Ethical Considerations

This work involves the processing and classifi-
cation of toxic, hateful, and extremist language
from real-world gaming chat. While our goal is to
advance automated moderation to protect players
from harm, several ethical considerations warrant
attention. First, the GameTox dataset contains gen-
uine instances of hate speech, threats, and extremist
content; access to and use of such data should be
restricted to research purposes and handled respon-
sibly to avoid amplifying harmful content. Second,
automated toxicity classifiers are inherently imper-
fect, our system achieves a test macro-F1 of 0.618
and deploying such a system in a production mod-
eration pipeline without human intervention risks
both false positives, which may unfairly penalize
legitimate players using game-specific language,
and false negatives, which may allow genuinely
harmful content to go unmoderated. Third, the
preprocessing lexicons and Detoxify scorer used
in TAGA reflect toxicity norms primarily from
English-language Western gaming communities;
application to other languages, cultures, or game
genres may introduce cultural bias and should be
validated independently before deployment. Fi-
nally, we acknowledge that systems trained to de-
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tect extremist and hateful content could, if misused,
be repurposed to identify and target individuals
who express such views rather than to protect po-
tential victims, and we strongly discourage any
such application of this work.
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A Hyperparameter Configuration

Table 7 lists the full hyperparameter configuration

Detoxify models
Sentence features dim

for the TAGA model.
Hyperparameter Value
Encoder DeBERTa-v3-base
Max sequence length 128
Batch size 32
Encoder learning rate 1.5 x 1075
Head learning rate multiplier 5%
Weight decay 0.01
Dropout rate 0.15
Epochs 5
Warmup ratio 6%
Max gradient norm 1.0
Focal loss 2.0
Label smoothing € 0.05
Auxiliary loss weight A 0.02
Attribution toxicity threshold 7 0.15
Max attribution tokens 30
Attribution channels 4

unbiased, original
14

Oversampling targets

Other Offensive 2,500
Hate and Harassment 1,500
Threats 600
Extremism 300

Table 7: Full hyperparameter configuration for TAGA.

B Model Architecture Details

The TAGA model consists of the following compo-
nents:

* Encoder: DeBERTa-v3-base (184M parame-
ters) with gradient checkpointing enabled.

* Attention projection: Linear(d, 256) — Tanh
— Linear(256, 1).

* Attribution projection: Linear(C, 16) —
GELU — Linear(16, 1), initialized with
N(0,0.02).

* Token head (auxiliary): Linear(d, 64) —
GELU — Dropout(0.15) — Linear(64, 1).

* Classification head: Linear(2d + 14, 512) —
GELU — Dropout(0.15) — Linear(512, 256)
— GELU — Dropout(0.15) — Linear(256,
6).
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Abstract

Memes have emerged as a prominent medium
for conveying public sentiment on sensitive
health topics such as vaccination. Unlike con-
ventional multimodal tasks, memes feature im-
plicit stances, sarcastic nuances, and complex
cross-modal interactions, posing significant
challenges for accurate stance detection. This
paper presents our approach for the VaxMeme
Shared Task @EEUCA 2026, which aims to
classify vaccine-related memes into three dis-
tinct classes: Vaccine-critical, Neutral, and Pro-
vaccine. Building upon MemeCLIP, we sys-
tematically enhance our framework via task-
specific adaptation, lightweight cross-modal
fusion, noise-aware training, LLM-assisted se-
mantic augmentation, and inference-stage opti-
mization, ultimately ensembling multiple com-
plementary variants for final predictions. Our
ensemble method achieves a Macro-F1 score
of 0.8494 on the official test set, securing first
place and demonstrating the critical efficacy of
noise-aware training and late-stage ensembling
for robust stance identification.

1 Introduction

With the development of social media, memes have
become an important medium for expressing view-
points on public issues, especially on sensitive top-
ics such as vaccination, public health, and misin-
formation. Unlike ordinary text or images, memes
often rely jointly on images, short text, embed-
ded image text, sarcastic rhetoric, and symbolic
visual elements to convey opinions. Therefore, au-
tomatically identifying their stance is more difficult
than general classification tasks. The Shared Task
on Multimodal Vaccine Critical Meme Detection
(VaxMeme) @EEUCA 2026 was proposed pre-
cisely around this challenge (Thapa et al., 2026b;
Hiirriyetoglu et al., 2026). This task focuses on
fine-grained stance understanding in public health

*Corresponding author.
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Figure 1: An example from the shared task dataset
labeled as Vaccine critical.

scenarios and provides a valuable benchmark for
studying multimodal reasoning under noise, indi-
rect expression, and social context.

This shared task is challenging in multiple as-
pects. First, memes usually contain heterogeneous
information sources, which may be complementary,
partially redundant, or even semantically conflict-
ing. Second, vaccine-related memes often rely on
sarcasm, exaggeration, and implicit rhetoric, mak-
ing literal interpretation of the text often unreliable.
Third, some samples contain only weak textual
evidence, noisy OCR, or highly compressed sym-
bolic visual content, so the model must rely on
subtle multimodal cues rather than explicit senti-
ment words to determine stance (Naseem et al.,
2023; Thapa et al., 2026b).

To address these difficulties, we take Meme-
CLIP (Shah et al., 2024) as the core framework
and design multiple enhancement methods for the
VaxMeme shared task. We first reorganize the in-
put for VaxMeme, introduce explicit missing-text
markers, replace the original simple fusion strat-
egy with lightweight token-level cross-modal in-
teraction, and strengthen training with stratified
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cross-validation, class weighting, label smooth-
ing, and cosine learning rate scheduling. On this
basis, we further explore multiple complemen-
tary enhancement methods, including noise-aware
weighted training, an LLM-assisted semantic de-
scription branch, a three-branch architecture that
explicitly distinguishes post text from OCR text,
and inference-stage enhancement that combines
test-time augmentation with retrieval priors. Our
final submission does not rely on any single model,
but is instead obtained by ensembling multiple com-
plementary variants.

2 Related Work

In recent years, multimodal meme understanding
has evolved from coarse-grained harmful content
detection to fine-grained pragmatic and stance anal-
ysis (Guan et al., 2025). Early research predomi-
nantly focused on identifying hate speech, offen-
sive content, and humor; however, the proliferation
of novel datasets and advanced vision-language
models has shifted attention toward more complex
semantic properties embedded within memes, in-
cluding targets, stances, and implicit contexts.

Recent studies (Liang et al., 2024; Yang et al.,
2024) have systematically explored text-image
stance detection by curating diverse social me-
dia datasets and introducing target-aware cross-
modal prompting strategies. Furthermore, the in-
troduction of the PrideMM dataset and the asso-
ciated MemeCLIP framework (Shah et al., 2024)
transitioned meme analysis from isolated harmful
content detection to a comprehensive multi-task
paradigm encompassing hate, target, stance, and
humor recognition. Subsequently, the CASE 2025
Shared Task formalized multimodal stance recog-
nition in meme scenarios by establishing it as an
independent evaluation track (Thapa et al., 2025).
Collectively, these advancements highlight that the
core challenge of meme stance recognition extends
beyond naive image-text fusion; it necessitates the
intricate modeling of multimodal synergies, contra-
dictions, and the underlying socio-cultural contexts
(Yu et al., 2026; Jiang et al., 2025).

In comparison, research on stance classification
for vaccine-related memes remains relatively lim-
ited. MMCoVaR provides a multimodal dataset
for COVID-19 vaccines, covering both news and
tweets, for misinformation- and credibility-related
classification tasks (Chen et al., 2021). (Naseem
et al., 2023) were the first to systematically intro-

duce the VaxMeme task and dataset, collecting
a large-scale manually annotated set of vaccine-
related memes and designing a multimodal frame-
work that combines global and local representa-
tions for identifying vaccine-critical memes. More
recent work has also started to extend multimodal
vaccine-content analysis from coarse-grained clas-
sification toward more interpretability-oriented di-
rections, and the EEUCA 2026 Shared Task can be
seen as a natural extension of earlier multimodal
meme stance research into the public-health do-
main (Thapa et al., 2026a,b).

3 Task and Dataset

3.1 Task Definition

The Shared Task on Multimodal Vaccine Critical
Meme Detection (VaxMeme) @EEUCA 2026 is
a three-class multimodal stance identification task
(Thapa et al., 2026b; Hiirriyetoglu et al., 2026).
For each meme with a unique identifier index, the
model is required to determine its stance toward
vaccination, namely Vaccine critical, Neutral, or
Pro-vaccine. The shared task adopts Macro-F1 as
the primary evaluation metric, which means that
the model must not only achieve strong overall
classification performance, but also maintain as bal-
anced recognition performance as possible across
the three classes. The challenge of this task mainly
comes from the complexity of meme expression.
On the one hand, the stance of a meme is often not
directly expressed through a single modality, but is
jointly conveyed through the interaction between
image and text. On the other hand, sarcasm, exag-
geration, metaphor, and image—text incongruity are
very common in this type of data, making it diffi-
cult to fully model the true semantics by relying
only on visual features or only on textual features.

3.2 Dataset

This study utilizes the official dataset curated for
the EEUCA 2026 Shared Task on Multimodal Vac-
cine Critical Meme Detection. This corpus is pri-
marily derived from the VaxMeme dataset along-
side associated data collection initiatives (Thapa
et al., 2026b; Naseem et al., 2023; Bhandari et al.,
2023; Thapa et al., 2026a). Originally introduced
by (Naseem et al., 2023) for multimodal vaccine-
critical meme identification, VaxMeme comprises
over 10,000 English meme samples sourced from
Twitter. These samples encapsulate both visual and
textual modalities, where the embedded text within
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Table 1: Class distribution of image samples in the
shared task dataset.

Dataset Vaccine critical Neutral Pro-vaccine Total

Train 2535 2461 3199 8195
Val 308 327 389 1024
Test 314 316 395 1025

the images is automatically extracted via optical
character recognition (OCR) (Naseem et al., 2023).
Following the official shared task configuration,
the dataset is partitioned into training, validation,
and test sets, comprising 8,195, 1,024, and 1,025
instances, respectively. Each instance consists of a
meme image, the associated optical character recog-
nition output (image_text), and the corresponding
social media post (post_text). The classification
schema encompasses three stance categories: Pro-
vaccine, Vaccine-critical, and Neutral, with the de-
tailed class distribution summarized in Table 1.

4 Method

4.1 MemeCLIP Baseline

Our work is built upon the MemeCLIP base-
line (Shah et al., 2024). MemeCLIP is a CLIP-
based framework for text-embedded meme clas-
sification, whose core idea is to preserve the pre-
trained knowledge of CLIP while only perform-
ing lightweight adaptation on the downstream clas-
sification modules. Specifically, the original im-
plementation adopts CLIP ViT-L/14 as the vision—
language backbone and freezes its parameters (Rad-
ford et al., 2021); for each meme, the model first
extracts image features and text features separately,
and then maps them into a shared feature space
through independent linear projection layers. Sub-
sequently, both the image branch and the text
branch pass through lightweight Adapters and are
residually mixed with the original projected fea-
tures. The original cross-modal fusion is imple-
mented as element-wise multiplication between the
image and text representations, and the final clas-
sification prediction is produced by a lightweight
feed-forward layer together with a cosine classifier
(Shah et al., 2024).

4.2 MemeCLIP for VaxMeme

MemeCLIP provides a starting point for text-
embedded meme understanding, but it was not
directly designed for VaxMeme. Therefore, we
adapt MemeCLIP based on the requirements of the
shared task.

First, we reorganize the original Pride-based
meme classification setting into a three-class task
for VaxMeme, and rebuild the data processing
pipeline. We construct a unified metadata file and
split the training/validation data using five-fold
StratifiedKFold. Second, in terms of input con-
struction, we no longer follow a single text field,
but explicitly integrate two text sources: the post-
level text post_text and the embedded text in the
image, image_text, and organize them as a struc-
tured template

[POST] post_text [IMG]| image_text.

We further introduce explicit missing markers
[NO_POST] and [NO_OCR] to distinguish “missing
text” from ordinary empty input. To improve ro-
bustness, we also apply lightweight text dropout
during training, so as to reduce the model’s over-
reliance on any single textual signal.

To enhance the multimodal fusion mechanism,
we upgrade the naive element-wise operation orig-
inally employed in MemeCLIP to a lightweight
cross-modal Transformer. The input sequence to
this module comprises three distinct entities: a pa-
rameterized [CLS] token, an image token, and a
text token. Following modality-specific embed-
ding and self-attention-driven interaction, the ulti-
mate fused representation aggregates the updated
[CLS] state with the cross-modal interaction terms
derived from the visual and textual tokens. This
architectural refinement substantially augments the
capacity of the network to capture fine-grained,
token-level cross-modal alignments.

4.3 Enhancement Methods

Noise-Aware Weighted Training. We observe
that the vaccine meme data may contain a certain
proportion of highly ambiguous samples or suspi-
ciously mislabeled samples, and therefore further
explore a noise-aware weighted training method.
In the offline stage, this method constructs nearest-
neighbor consistency analysis based on image fea-
tures, text features, and fused features, respectively,
and computes the agreement between each sample
and the labels of its neighbors, thereby deriving a
noise score and conflict count for each sample. Sub-
sequently, instead of directly removing suspected
noisy samples, we convert them into different train-
ing weights sample_weight, so as to reduce the
contribution of suspicious samples during training.
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Figure 2: Simplified Architecture of the Adapted MemeCLIP Framework.

LLM-Assisted Multimodal Fusion. We attempt
to use large language models to provide addi-
tional semantic supplementation. Specifically,
we introduce an LL.M-assisted multimodal fusion
method by adding an auxiliary description branch,
11m_desc. These descriptions are generated by
Qwen2.5-VL-7B-Instruct for memes with poor
OCR quality (Bai et al., 2025). Through this selec-
tive generation strategy, we aim to examine whether
neutral visual supplementary descriptions gener-
ated by an LLM can provide additional benefit for
vaccine meme stance classification when OCR evi-
dence is insufficient.

During generation, we use prompts that require
the model to output neutral and factual supplemen-
tary descriptions, focusing on visible persons, ob-
jects, actions, symbols, and layout information,
while explicitly prohibiting the inference of hid-
den intent or direct prediction of stance categories.
Structurally, we extend the fusion tokens from
three to four, namely [CLS], image, text, and de-
scription. The final fused representation combines
the updated [CLS] representation together with
three types of interaction terms: image—text, image—
description, and text—description. We additionally
apply a small-probability dropout to the descrip-
tion branch during training to avoid over-reliance
on this auxiliary input.

Three-Branch Multimodal Fusion. We aim to
distinguish text information from different sources
in a more fine-grained manner. In the standard
adapted version, post_text and image_text are
concatenated as a single text input; in this vari-
ant, however, we explicitly model them separately,
forming a three-branch multimodal fusion architec-
ture: an image branch, a post-text branch, and an

OCR-text branch. The motivation for this design
is that these two types of text naturally play dif-
ferent semantic roles: post_text often serves as
contextual supplementation, whereas image_text
is more likely to provide the most direct stance
evidence inside the image.

In this architecture, the image, post text, and
OCR text each extract frozen CLIP features, and
are then adapted into a shared hidden space through
their own projection layers and Adapters(Radford
et al., 2021). After residual mixing and normaliza-
tion, the three branches, together with a learnable
[CLS] token, are fed into a lightweight cross-modal
Transformer. The final fused representation is com-
posed of the updated [CLS] representation and the
three pairwise interaction terms. Compared with
the standard adapted version, this design preserves
the branch-specific characteristics of different text
sources while modeling their relations through a
unified token-level interaction mechanism.

Inference-Stage Enhancement. Beyond archi-
tectural optimizations and training-level enhance-
ments, we introduce inference-stage refinement
by integrating lightweight test-time augmentation
(TTA) with retrieval-augmented prediction. Specif-
ically for TTA, we generate a set of conservative
augmented views for each meme image, encom-
passing the standard CLIP preprocessing pipeline
and resizing along the shorter edge followed by cen-
ter cropping (Radford et al., 2021). To implement
retrieval augmentation, we construct a global fea-
ture bank comprising all training samples, where
the representation of each instance is derived by av-
eraging its fused features extracted across multiple
cross-validation folds. During inference, we com-
pute the averaged fused feature for an incoming
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test sample and subsequently retrieve its nearest
neighbors from the feature bank utilizing cosine
similarity. Utilizing the ground-truth labels of the
top-k neighbors alongside their temperature-scaled
similarity weights, we formulate a k-nearest neigh-
bor (knn) probability distribution, denoted as pyny.
Ultimately, the parametric model prediction pmodel
is interpolated with the non-parametric retrieval
Prior pny to yield the final probability distribution:

Pfinal = QPmodel + (1 - a)pknn

This formulation effectively harnesses both the gen-
eralization capabilities inherent in the parametric
model and the robust, instance-level evidence pro-
vided by non-parametric nearest neighbors.

Final Ensemble System. Our final submission
relies on an ensemble framework comprising
multiple complementary model variants rather
than a single monolithic architecture. Specifi-
cally, we integrate models derived from different
cross-validation folds alongside variants diversi-
fied across visual backbones, robustness optimiza-
tion, text-source modeling, auxiliary semantics,
and inference-stage enhancements. Within this in-
tegrated framework, the task-adapted MemeCLIP
(Shah et al., 2024) serves as a stable, lightweight
baseline, while more advanced backbones extract
superior foundational representations. Further-
more, noise-aware training mitigates the interfer-
ence from ambiguous instances, the three-branch
architecture explicitly disentangles heterogeneous
text sources, and inference-stage augmentations
introduce nearest-neighbor priors to bolster gen-
eralization. Consequently, this integrated system
exemplifies a highly pragmatic methodology for
tasks, maximizing both predictive accuracy and
systemic stability by fully exploiting the synergis-
tic complementarity among distinct configurations.

S Experimental Setup

Data Preprocessing. We implement a standard-
ized preprocessing pipeline across all textual
modalities to ensure semantic consistency. Specif-
ically, within the post_text and image_text
fields, we systematically resolve null values and
normalize noisy artifacts, including URLs, user
mentions, and redundant whitespace. To explic-
itly encode the absence of specific modalities with-
out losing structural information, missing text en-
tries are substituted with predefined special tokens,
namely [NO_POST] and [NO_OCR].

Table 2: Results of different model variants on the offi-
cial shared-task test set, where T stands for the Three-
branch Multimodal Fusion method, L stands for the
LLM-assisted Multimodal Fusion method, W stands
for the Noise-aware Weighted Training method, and I
stands for the Inference-stage Enhancement method.

Model Macro-F1 Accuracy Precision Recall
CLIP ViT-L/14 0.8145 0.8166 0.8191 0.8154
EVA-CLIP 0.8170 0.8195 0.8179 0.8182
EVA-CLIP+T 0.8159 0.8185 0.8173 0.8185
EVA-CLIP+L 0.7980 0.8000 0.8035 0.7984
EVA-CLIP+W 0.8239  0.8263 0.8243 0.8256
EVA-CLIP+W+I 0.8355 0.8380 0.8361 0.8377
ENSEMBLE MODEL 0.8494 0.8517 0.8494 0.8517

Model Settings and Hyperparameters. Our pri-
mary architecture is constructed upon a frozen
vision-language backbone. The standard config-
uration employs CLIP ViT-L/14 (Radford et al.,
2021), whereas the more advanced variant utilizes
EVAOQ02-L-14, implemented via OpenCLIP (Sun
et al., 2023). Across the primary adapted model
and most subsequent variants, the core hyperparam-
eters are uniformly set as follows: an input image
resolution of 224, a batch size of 16, a residual
mixing ratio of 0.2, and a cosine classifier scaling
factor of 30. The lightweight cross-modal Trans-
former comprises 2 layers and 8 attention heads,
with dropout rates configured as [0.10, 0.30, 0.20]
across its internal components. Optimization is
performed using AdamW with a learning rate of
3 x 1075, a weight decay of 5 x 10~4, and a max-
imum of 10 training epochs. All experiments are
executed on a NVIDIA GeForce RTX 3090 GPU.

For the LLM-enhanced variant, we incorporate
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) to gen-
erate auxiliary textual descriptions. To mitigate the
introduction of superfluous noise, this generation
process is strictly triggered only for samples ex-
hibiting poor OCR quality. The generation prompt
is carefully crafted to elicit neutral and factual vi-
sual supplements, explicitly prohibiting the model
from inferring hidden intents or directly predict-
ing stance categories. Consequently, this descrip-
tive branch functions exclusively as a supplemen-
tary semantic signal rather than a primary decision-
making pathway.

Evaluation Metrics. Following the official
shared-task setting, we use Macro-F1 as the pri-
mary evaluation metric. Macro-F1 computes the
F1 score for each class separately and then aver-
ages them across classes, thereby assigning equal
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Table 3: Hyperparameters used across the main back-
bone variants.

Parameter Value

Backbone Variants CLIP ViT-L/14; EVA02-L-14
Max Token Length 77

Batch Size 16

Max Epochs 10

Optimizer AdamW

Learning Rate 3x107°

Weight Decay 5x107*

Label Smoothing 0.05

Residual Mixing Ratio 0.2
Cosine Classifier Scale 30

importance to Vaccine critical, Neutral, and Pro-
vaccine. This metric is particularly suitable for
the current task because it better reflects balanced
classification performance across different stance
categories and is less likely to be dominated by rel-
atively easier or more frequent classes.In addition
to Macro-F1, we also report Accuracy, Precision,
and Recall to provide a more comprehensive view
of system behavior. Accuracy reflects the overall
proportion of correctly classified samples, while
Precision and Recall help us analyze whether the
model tends to be overly conservative or overly
aggressive for certain classes. Reporting these aux-
iliary metrics allows us to better understand the
trade-offs among overall correctness, class-wise re-
liability, and class-wise coverage, and also provides
additional evidence for interpreting error patterns
and comparing model variants.

6 Results and Discussion

6.1 Experimental Results

Our final submission achieved a Macro-F1 score
of 0.8494 on the official test set, securing the first
place in the shared task (Thapa et al., 2026b). Ta-
ble 2 summarizes the empirical results of our pri-
mary models and their respective variants. The ex-
perimental findings indicate that the task-adapted
MemeCLIP establishes a robust baseline on the
VaxMeme dataset. Building upon this foundation,
the integration of a more advanced backbone, noise-
aware training, retrieval augmentation, and multi-
model ensembling yields substantial performance
gains. Notably, noise-aware weighted training con-
tributes significantly to these improvements, sug-
gesting that inherently noisy or highly ambiguous
instances profoundly affect training stability within
this specific context.

Conversely, the variant incorporating EVA-
CLIP+Qwen auxiliary descriptions registers a no-
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Figure 3: Confusion matrix of the final ensemble system
on the official test set.

ticeable performance degradation compared to al-
ternative strategies. This observation implies that
while LLM-generated descriptions theoretically en-
rich the semantic context for samples with poor
OCR quality, these supplementary features do not
consistently translate into classification improve-
ments under the current experimental setup. This
discrepancy may be attributed to residual noise
within the generated text, semantic misalignment
between the auxiliary descriptions and the orig-
inal image-text pairs, or the model’s suboptimal
utilization of the supplementary semantic branch.
Ultimately, the superior performance of the en-
semble framework over all standalone configura-
tions underscores a strong complementarity among
the diverse variants. Techniques such as noise-
aware training and text-source disentanglement
prove to be non-redundant; rather, they synergisti-
cally provide comprehensive and robust evidence
for decision-making during the ensembling phase.

6.2 Further Analysis

To further elucidate the limitations of our sys-
tem, we conduct a detailed error analysis based
on the confusion matrix. The most prominent fail-
ure mode involves the misclassification between
the Neutral category and stance-bearing classes.
This phenomenon suggests that the model is prone
to over-inferring stances when processing memes
characterized by purely factual content, weak opin-
ion signals, or insufficient background context. Fur-
thermore, instances degraded by low-quality OCR
extraction, severe textual noise, or intricate visual
layouts exhibit a significantly higher susceptibility
to misclassification. Another intrinsic challenge
arises from samples with inherently ambiguous
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class boundaries, such as memes that ostensibly
share objective information but implicitly convey
supportive or critical nuances within specific socio-
cultural contexts. Collectively, these error patterns
reveal that while the proposed system effectively in-
tegrates multimodal signals, it retains pronounced
limitations in handling weak-evidence scenarios,
modeling implicit pragmatics, and resolving fine-
grained semantic boundaries.

7 Conclusion

In this paper, we describe our proposed approach
for the Shared Task on Multimodal Vaccine Criti-
cal Meme Detection (VaxMeme) @EEUCA 2026.
Using MemeCLIP as the foundational framework,
we systematically enhance the model through task-
specific adaptation, noise-aware training, auxiliary
semantic injection, text-source disentanglement,
and inference-stage optimization. Our final sys-
tem, constructed by ensembling multiple comple-
mentary model variants, achieves highly compet-
itive performance on the official shared-task test
set. Experimental results demonstrate the effec-
tiveness of noise-aware training and late-stage en-
sembling strategies for robust vaccine meme stance
identification. Future work will focus on devel-
oping more robust architectures and exploring in-
terpretable multimodal reasoning mechanisms for
complex meme analysis.

8 Limitations

Despite integrating multiple complementary vari-
ants, the system inherently operates within a su-
pervised classification paradigm and lacks explicit
modeling of nuanced socio-cultural contexts. Fur-
thermore, while the LLM-generated auxiliary de-
scriptions are designed for neutral and selective
utilization, they may occasionally introduce se-
mantic noise or over-interpretation. The retrieval-
augmented module is also constrained by its re-
liance on semantically analogous instances in the
training corpus, rendering it less robust when pro-
cessing rare or out-of-distribution memes. More-
over, the current findings are primarily validated
on the VaxMeme benchmark, and their generaliz-
ability to alternative public health domains, diverse
social media platforms, or cross-cultural scenarios
requires further empirical verification. Achieving
optimal performance necessitates model ensem-
bling, a strategy that inevitably introduces higher
inference complexity and deployment costs.
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Abstract

The detection of toxic behavior in online gam-
ing communities is crucial for maintaining safe
digital spaces, yet remains challenging due
to subtle context-dependent and intent-driven
language. The GameTox dataset consists of
around 53K World of Tanks chat utterances
annotated across six categories: Non-toxic,
Insults and Flaming, Other Offensive Texts,
Hate and Harassment, Threats, and Extremism
(Naseem et al., 2025). Our best performing
approach, across multiple transformer-based
architecture experimentations, is based on the
multilingual BERT variant mmBERT-base fine-
tuned with class-weighted cross-entropy loss.
The best mmBERT-base model achieved a
Macro F1 of 0.5882 during validation and an of-
ficial test Macro F1 of 0.5104 on the shared task
leaderboard. An internal held-out evaluation on
a development split yielded 0.4282, which we
analyze to understand distributional sensitivity
to gaming slang and class imbalance. The code
is available at: https://github.com/sunil
Regmi-ai/eeuca-toxicity-detection.

1 Introduction

The global gaming industry has reached an unprece-
dented scale. Prior research has explored contex-
tual bandit algorithms to balance exploration and
exploitation, optimizing costly real-time toxicity
monitoring resources in multiplayer environments
where no pre-existing predictive models are avail-
able (Morrier et al., 2025). Although chat-enabled
titles foster social engagement, they also facilitate
toxic behavior and cyberbullying, particularly in
team-based competitive environments (Kwak et al.,
2015; Naseem et al., 2025).

The detection of hate speech remains a complex
societal challenge, with various machine learning
and natural language processing architectures be-
ing developed to classify diverse forms of online
toxicity ranging from religious hate to sexism (Pari-
har et al., 2021). Early rule-based approaches relied
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on lexicon and pattern-based annotation systems,
which covered only about 16% of distinct vocab-
ulary but over 60% of actual word usage, reflect-
ing the repetitive nature of in-game chat(Mirtens
et al., 2015). However, such approaches remain
limited handling the adversarial nature of in-game
slang, where players frequently use creative obfus-
cation, special character substitutions, and evolving
abbreviations to circumvent moderation, prompt-
ing the development of robust character-level CNN
and hybrid transformer models (Lee et al., 2025).
Content moderation systems of this kind require
responsible usage, as LLMs can inherit and am-
plify biases present in training data, necessitating
community engagement and bias mitigation to en-
sure fairness in public discourse and policy-making
(Thapa et al., 2025b). Thus, modern dataset cre-
ation is actively recognizing the critical role of the
author’s behavioral intent rather than just surface
level lexical features to align automated modera-
tion with actual community policies (Wang et al.,
2024). These methodologies are highly relevant
to the goals of ToxIntent@ EEUCA 2026, which
aims to understand toxic behavior in gaming com-
munities to promote healthier digital spaces (Thapa
et al., 2026; Hiirriyetoglu et al., 2026).

The GameTox dataset (Naseem et al., 2025) pro-
vides around 53K chat utterances from World of
Tanks annotated across six fine-grained categories:
Non-toxic (0), Insults and Flaming (1), Other Of-
fensive Texts (2), Hate and Harassment (3), Threats
(4), and Extremism (5). The annotation schema
used for this task shares its foundational princi-
ples with the multimodal CrisisHateMM dataset
(Bhandari et al., 2023), which highlights the im-
portance of distinguishing between directed and
undirected toxic intent. Our approach is consistent
with findings regarding the reliability of models
such as FastText and BERT while BERT’s contex-
tual embeddings are better suited to identifying
and distinguishing complex targets, such as indi-
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viduals, organizations, and communities whereas
FastText was found to be exceptional for language
identification and was less reliable for the more nu-
anced task of target identification (Acharya et al.,
2025). Prior work on fine-grained target classifi-
cation in hate speech detection demonstrates that
contextual embeddings support models to distin-
guish between nuanced category types, including
individual, community, and organizational targets
across Devanagari-script languages (Thapa et al.,
2025a).

The monolingual pre-training on massive
domain-specific corpora has shown superior results
in capturing rich semantics and grammatical struc-
tures for specific low-resource scripts like Nepali
(Timilsina et al., 2022; Maskey et al., 2022), yet we
opt to leverage multilingual mmBERT variants to
ensure robust feature representation across diverse
gaming communities, building on the proven work-
ings of domain adapted transformers retrained on
abusive corpora (Caselli et al., 2021).

However, mmBERT variants remain vulnera-
ble to the linguistic volatility of gaming slang.
Furthermore, reliance on machine-translated non-
English samples introduces semantic misalignment
and translation noise, which can degrade classifica-
tion performance, particularly in informal contexts
(Lamin and Aziz, 2025). Therefore, existing ap-
proaches struggle to generalize across rare toxicity
categories under severe class imbalance and distri-
butional shift, where intent is subtle and context-
dependent.

Our participation in ToxIntent @ EEUCA 2026
secured a rank of 18th out of 35 competing teams.
As a shared-task system description, our primary
contributions are a systematic benchmark of five
multilingual transformer encoders on a severely
class-imbalanced gaming-domain dataset, and an
error analysis demonstrating that class-weighted
loss alone is insufficient for extremely rare toxic-
ity categories. Our findings reveal that mmBERT-
base, optimized with balanced class-weighted
cross-entropy loss, substantially outperforms other
multilingual encoder baselines on validation and
achieves an official test Macro F1 of 0.5104. An in-
ternal dev-split evaluation of 0.4282 further reveals
sensitivity to distributional shift in rare toxicity
categories such as Extremism and Threats, where
players actively employ irony, sarcasm, and local-
ized slang to disguise toxic intent. The code is
available at :https://github.com/sunilRegm
i-ai/eeuca-toxicity-detection.

2 Background

Modern Natural Language Understanding (NLU)
is grounded in deep bidirectional pre-training, al-
lowing models to jointly condition on both left
and right context in all layers (Devlin et al., 2019).
Slot-gated architectures have proven reliable for
mapping specific relationships between intent cate-
gories and semantic slots by utilizing a slot gate that
optimizes the global relationship between intent
and slot attention vectors (Goo et al., 2018). This
paradigm has been successfully extended via joint
fine-tuning strategies to unify classification and slot
filling using a shared representation (Chen et al.,
2019). Domain-adapted models like HateBERT
utilize retraining on curated datasets of banned
communities to improve performance on out-of-
distribution toxic text to improve the detection of
rare and highly offensive categories (Caselli et al.,
2021). Frameworks such as ToXCL unify detection
with explanation generation using knowledge dis-
tillation from a teacher classifier to mitigate error
propagation and provide transparency in the auto-
mated moderation of implicit hate (Hoang et al.,
2024).

The impact of Large Language Models (LLMs)
has marked a new era in Computational Social Sci-
ence (CSS), offering the capacity to interpret hu-
man communication nuances and patterns in ide-
ological shifts (Thapa et al., 2025b). However,
substantial generalization gaps often remain, as
existing top-tier models continue to struggle with
the added complexity of diverse NLU benchmarks
spanning inference, similarity, and masked evalu-
ation (Nyachhyon et al., 2025). Research on low-
resource scripts reveals that dedicated, fine-tuned
masked language models (like NepBERTa) fre-
quently outperform generalized LLMs on sequence
tagging tasks such as Named-Entity Recognition
(NER) and POS tagging (Subedi et al., 2024).

A strategic research on informal digital discourse
further shows that multi-aspect annotation schemes
uncover nuanced layers of intent such as profan-
ity, violence, feedback and sarcasm overlooked by
basic binary systems (Singh et al., 2020). This is
particularly evident in anti-establishment discourse
and election-related text, where multi-target classi-
fication (e.g., individual vs. community) is crucial
for understanding the propagation of hate (Rauni-
yar et al., 2023; Thapa et al., 2023). Bidirectional
LSTM modeling paired with appropriate word em-
beddings remains highly effective for separating
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offensiveness and profanity into distinct classifica-
tion tasks, even amid the noise of informal social
media text for specific behaviors like profanity de-
tection (Adhikari et al., 2024).

The necessity of specialized encoder strategies
to manage domain-specific linguistic complexity
is underscored in applications such as legal ma-
chine translation, where custom-built parallel cor-
pora are required to ground encoder-decoder archi-
tectures against data sparsity (Poudel et al., 2024).
This principle informs our architectural adaptation
for the slang-heavy gaming domain. Cross-lingual
challenges including semantic misalignment and
translation noise remain pertinent when modeling
the multilingual roots of global subcultures (Lamin
and Aziz, 2025). Finally, empirical evaluations con-
firm that fine-tuned lightweight transformers (like
DistilBERT) continue to provide optimal accuracy-
cost trade-offs in continuous gaming moderation
when compared to the computational expense of
large generative LLMs or Retrieval-Augmented
Generation (RAG) pipelines (Tereshchenko and
Hiamailédinen, 2025).

3 Dataset and Task

The Shared Task on Understanding Toxic Behav-
ioral Intent in Gaming Chat Logs utilizes the Game-
Tox dataset (Naseem et al., 2025). The dataset com-
prises around 53K chat utterances sourced from the
multiplayer online game World of Tanks. The pri-
mary objective of this task is to capture the complex
relationship between user intent and linguistic fea-
tures across a fine-grained classification task across
six categories.

Class ID Category Instances
0 Non-toxic 43,497
1 Insults and Flaming 7,407
2 Other Offensive Texts 2.343
3 Hate and Harassment 349
4 Threats 75
5 Extremism 30

Table 1: Distribution of the dataset

The vast majority of utterances fall into the Non-
toxic class, while severe toxicity categories, such
as Threats and Extremism, are extremely rare that
shows severe class imbalance. The gaming specific
slang, obfuscation techniques, and informal syntax,
also creates a highly noisy and adversarial text en-
vironment. The official evaluation metric for the

shared task is the Macro F1-score, which weighs
the performance across all classes equally, heavily
penalizing models that overfit to the majority class.

4 Methodology

Our system approaches the toxicity classification
task with multiple experimental tracks explained
below.

4.1 Model Architectures and Training Setup

We systematically benchmarked several modeling
paradigms. In the initial phase, we evaluated a
broad set of multilingual encoder models — Toxic-
XLM-RoBERTa, XLLM-RoBERTa, m-DistilBERT,
and m-BERT — using the Hugging Face Trainer
API (Wolf et al., 2020). The raw chat utterances are
loaded from CSV files and merged on a common
index column, with the text field standardized and
labels cast to integers across all splits. Each input is
tokenized using the model’s native tokenizer with
truncation and padding to a maximum sequence
length, producing fixed-length token sequences fed
directly into the classification head. Class weights
are computed from the training label distribution
using scikit-learn’s compute_class_weight and
passed to a customized WeightedTrainer subclass
that overrides the default cross-entropy loss to ad-
dress class imbalance. All non-DeBERTa models
are trained with FP16 mixed precision when CUDA
is available. The implementation relies on the Hug-
ging Face transformers and datasets libraries,
with pytorch as the framework, scikit-learn
for class weight computation, and accelerate for
distributed training support. The full implemen-
tation details and reproducibility instructions are
available at: https://github.com/sunilRegm
i-ai/eeuca-toxicity-detection.

The experimental logs in the subsequent phase
identified mmBERT variants as the superior archi-
tecture due to its pre-training on massively mul-
tilingual social media and informal web corpora
(Marone et al., 2025). The mmBERT-base variant
was fine-tuned using the Hugging Face Trainer API
with a customized WeightedTrainer applies class-
weighted cross-entropy loss to address class imbal-
ance. An initial run with a learning rate of 3e-06,
batch size of 32, and sequence length of 64 yielded
a validation Macro F1 of 0.4933. A subsequent run
with an increased learning rate of 1e-05, batch size
of 64, and reduced sequence length of 32 produced
a substantial improvement and achieved a valida-
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tion Macro F1 of 0.5882 — a gain of ~0.09 that
underscores the sensitivity of mmBERT to learning
rate and batch size scaling. Both runs used weight
decay of 0.01 and early stopping with a patience of
3 epochs, with the best checkpoint selected based
on validation Macro F1.

5 Results and Discussion

The evaluation metrics for our primary transformer
benchmarking experiments are listed in Table 2.

Model ValF1 Test F1  Test Acc
Toxic-XLM-RoBERTa 0.3558  0.3520 0.8281
XLM-RoBERTa 0.3830  0.3839 0.8130
m-DistilBERT 0.3907  0.3578 0.7942
m-BERT 0.4146  0.4243 0.8249
mmBERT-base 0.5882 0.5104 0.8716

Table 2: Experimental Results on Validation and Test
Sets

These results, reported on the official validation
and test splits, identify mmBERT as the most reli-
able base architecture for this specific dataset. The
standard generalized models and domain-specific
toxicity variants like Toxic-XLM-RoBERTa strug-
gled to surpass the ~0.42 Macro F1 barrier. Our
best mmBERT-base model achieved a validation
Macro F1 of 0.5882 and an official leaderboard Test
Macro F1 of 0.5104 securing a rank of 18th out of
35 participating teams. An additional internal eval-
uation on a held-out portion of the development set
yielded a Test Macro F1 of 0.4282; this lower fig-
ure reflects sensitivity to the specific distributional
characteristics of that split rather than the true held-
out test performance. The ablation between the two
mmBERT-base runs further confirms that scaling
the learning rate from 3e-06 to 1e-05 and the batch
size from 32 to 64 were the primary determinants
of the ~0.09 validation F1 improvement. The two
runs also differ in sequence length (64 vs. 32), so
this hyperparameter was co-varied and cannot be
isolated from the ablation alone. However, both the
token length distribution of the training split and
the nature of the dataset provide strong empirical
justification: the 75th, 90th, and 95th percentiles
of whitespace-tokenized utterance lengths are 4,
6, and 8 tokens respectively, with a mean of 3.02
and a maximum of 30 tokens, confirming that a
max_length of 32 provides complete coverage for
all training utterances. This is consistent with the
source domain: Naseem et al. (2025) collected ut-

terances from World of Tanks real-time in-game
chat, where annotation guideline examples reach
a maximum of 6 whitespace tokens, and the most
discriminative toxic and game-slang tokens identi-
fied in their dataset are predominantly single-word
items (e.g., die, cancer, kill), confirming that toxic-
ity signal in this domain is lexically concentrated
rather than requiring long contextual spans.

5.1 Error Analysis

Our official test Macro F1 of 0.5104 reflects a mod-
erate ~0.08 gap from the validation score of 0.5882.
A wider gap of ~0.16 was observed on an internal
development split evaluation. This generalization
gap underscores the core difficulty of this shared
task: extreme out-of-distribution linguistic volatil-
ity.

Error analysis indicates that the minority classes
(Extremism and Threats), comprising only 30 and
75 instances respectively out of 53,701 total, suffer
heavily from false negatives. The extreme scarcity
of these categories means the model has insuffi-
cient exposure to their linguistic patterns during
training despite balanced class weighting. Players
frequently disguise severe intent using irony, sar-
casm, inside jokes, and highly localized slang that
models struggle to interpret without broader con-
text. The distributional shift between the validation
and unseen test interactions further compounds this,
as gaming communities continuously evolve new
obfuscation strategies that fall outside the training
distribution. Future iterations should explore few-
shot augmentation strategies for rare categories and
more context-aware architectural solutions to ad-
dress active linguistic obfuscation.

6 Conclusion

This paper presents our system submission to
ToxIntent @EEUCA 2026, a shared task on fine-
grained toxicity detection in gaming chat logs us-
ing the GameTox dataset (Naseem et al., 2025). As
a shared-task system description, our primary con-
tributions are a systematic benchmark of five mul-
tilingual transformer encoders on a severely class-
imbalanced gaming-domain dataset, and an error
analysis demonstrating that class-weighted loss
alone is insufficient for extremely rare toxicity cate-
gories. We identified mmBERT-base (Marone et al.,
2025) as the most effective architecture for this
task, owing to its pre-training on massively multi-
lingual social media and informal web corpora. Our
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best mmBERT-base model fine-tuned with class-
weighted cross-entropy loss and optimized hyperpa-
rameters resulted in validation Macro F1 of 0.5882
and an official test Macro F1 of 0.5104. Our abla-
tion analysis further demonstrates that learning rate
and batch size scaling are critical determinants of
performance gain for mmBERT on this task. The
substantial ~ 0.08 F1 generalization gap between
validation and test environments underscores the
inherent difficulty of detecting fine-grained toxic
intent in adversarial, slang-heavy gaming discourse.
Future work should explore few-shot augmentation
for rare toxicity categories, context-aware architec-
tures, and ensemble strategies to bridge this gener-
alization gap.

Limitations

The severe class imbalance in the GameTox dataset
(Naseem et al., 2025), particularly for Extremism
(30 instances) and Threats (75 instances), limits
the model’s exposure to rare toxicity patterns, and
balanced class weighting alone is insufficient to
fully compensate for this scarcity. Our evaluation
is limited to the GameTox dataset sourced from a
single game (World of Tanks), and generalization
to other gaming communities or platforms remains
unverified. The absence of explicit data augmen-
tation or few-shot strategies for minority classes
is a known weakness of our current pipeline. Fi-
nally, the distributional shift between validation
and test interactions suggests that our models are
sensitive to evolving gaming slang and obfuscation
strategies that fall outside the training distribution,
a challenge that requires more robust cross-domain
generalization techniques in future iterations.
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Abstract

In this paper, we describe our participation in
the Shared Task on Multimodal Identification
of Vaccine Critical Content on Social Media
(VaxMeme) of EEUCA 2026, a satellite of ACL
2026. We tackle the classification of Twitter-
based vaccine memes into anti-vaccine, neutral,
and pro-vaccine categories using the VaxMeme
dataset with 8,195 train, 1,024 val, and 1,025
test samples. We experiment with two differ-
ent architecture families: (i) Multimodal hy-
brids: CLIP ViT-B/32 for images + BERT-
based models for texts (BERT-base-uncased,
ModernBERT) with late fusion strategy based
on concatenation of L2-normalized feature vec-
tors and (ii) Text-only: pre-trained models
for texts (BERT-base-uncased, RoOBERTa-base,
ModernBERT-base, DistilBERT-base, Deberta-
v3-base) for post_text. In both cases, we use a
three-layer feed-forward network with GELU
activation for classification. We use class-
weighted cross-entropy loss, differential learn-
ing rates, AdamW optimizer, gradient accumu-
lation, OneCycleLR scheduler, and early stop-
ping on the val set for optimization. Data aug-
mentation is applied for the multimodal CLIP-
based approach only. The winning approach
among those tested is the text-only BERT-base-
uncased with a macro-F1 of 0.8102 which is
ahead of the performance of the CLIP + BERT-
base hybrid model, which achieves a test macro-
F1 of 0.7603.

1 Introduction

The rapid spread of health misinformation online
poses significant challenges to public health, po-
tentially leading to confusion, undermining trust
in health authorities, and hindering effective health
interventions (Thapa et al., 2024). The internet
meme, defined by its concise and visually salient
nature and its reliance on a combination of im-
age and text for information and meaning, has
risen to become a powerful and spreading vehi-
cle for vaccine-critical information. Unlike plain

Shiv Ram Saud
Kathmandu University
saudshivram373 @gmail.com

Sunil Regmi
Kathmandu University
sunil.regmi @ku.edu.np

text-based misinformation, which can often be ad-
dressed using conventional natural language pro-
cessing techniques, the use of humor and irony
in such memes makes them highly engaging and
significantly more challenging to detect and miti-
gate automatically. The EEUCA 2026 shared task
(Thapa et al., 2026b; Hiirriyetoglu et al., 2026),
which is a satellite event of ACL 2026, involves
the classification of vaccination-related memes into
three types: anti-vaccine, neutral, and pro-vaccine.
The evaluation is done based on macro-averaged F1
score. The task is based on the VaxMeme bench-
mark dataset (Naseem et al., 2023). Our task is part
of the main track.

Our main strategy is based on the development
of a classification framework that is modular and
enables a comparison of unimodal and multimodal
settings in a controlled and identical manner. Two
different approaches are implemented: the first ap-
proach is a multimodal hybrid pipeline which is
based on a late fusion multimodal approach, where
visual and textual information are first encoded
with separate transformer-based models, which are
then concatenated for a classification task. We
are using the ViT-B/32 encoder from clip (Rad-
ford et al., 2021) for the visual modality, which
was trained with contrastive learning on image-
text pairs and has shown excellent performance
in multimodal reasoning tasks. For the textual
modality, we experimented with two different en-
coders: BERT-base-uncased (Devlin et al., 2019),
and ModernBERT (Warner et al., 2025) fusing the
L2-normalized representations through late con-
catenation. The second part of the pipeline is a
text-only pipeline, which consists of the fine-tuning
of five pre-trained language models, namely BERT-
base-uncased (Devlin et al., 2019), RoBERTa-base
(Liuetal., 2019), ModernBERT-base (Warner et al.,
2025), DistilBERT-base (Sanh et al., 2020), and
DeBERTa-v3-base (He et al., 2023)—using only
the post_text metadata field. Both pipelines utilize
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the identical feedforward classification head, along
with the identical training approach, thus making it
possible to compare them directly.

Carrying out this task has led to some interest-
ing findings. Firstly, the best-performing model,
BERT-base-uncased with text-only input, achieves
a test macro-F1 of 0.8102, outperforming the CLIP
+ BERT-base hybrid model, achieving 0.7603. This
is unexpected, suggesting that the post_text tweet
feature is a highly discriminative feature for vac-
cine stance classification, and CLIP image features,
although individually useful (CLIP-only: 0.7189),
do not seem to bring consistent improvements over
powerful text encoders when used with late con-
catenation. Secondly, the RoOBERTa-base model,
when used with text-only input, achieves a compet-
itive test macro-F1 of 0.8091, showing how effec-
tive the post_text feature is across models. Finally,
from error analysis, it is clear that, across all mod-
els, sarcasm and implicit culture remain the main
failure cases, especially when the intended stance
depends on the nuanced interaction between the
images and the text. Our top-performing model
ranked 14th on the official CodaBench leaderboard
with a macro-F1 score of 0.81. The code is avail-
able at: https://github.com/sunilRegmi-ai/
VCC-Social-Media.

2 Background

The VaxMeme Shared Task (Thapa et al., 2026b;
Hiirriyetoglu et al., 2026) is a three-class classifi-
cation task that attempts to predict the stance ex-
pressed in a meme. Each data point is composed
of a meme image in PNG format and post_text
metadata corresponding to the tweet. The task is
to predict one of three classes: O for anti-vaccine,
1 for neutral, and 2 for pro-vaccine. For example,
a meme showing a syringe with the caption “CCP
Virus Variant Affects Vaccinated People More
Than Unvaccinated People: Study” is classified
as anti-vaccine (class 0), while a meme showing
a healthcare worker holding a vaccination record
is classified as pro-vaccine (class 2). Memes that
depict vaccination without expressing any opinion
are classified as neutral. Evaluation is done using
macro F1 score which assigns equal importance to
each class.

The dataset used from VaxMeme consists of
10,244 English-language memes which are labeled
as 0, 1, 2. The dataset has been split into official
training, evaluation, and test sets. The training set

comprises 8,195 samples, whereas the evaluation
set has been used to provide a held-out validation
partition.

This work was inspired by the extensive amount
of prior work in the area of multimodal harmful
content detection. For instance, the Hateful Memes
Challenge (Kiela et al., 2021) highlighted the im-
portance of multimodal reasoning in meme clas-
sification tasks and showed that it was possible
to achieve state-of-the-art results by utilizing a
model that excelled in each modality individually,
albeit at a much lower level of performance than
humans. Most recently, (Bhandari et al., 2023) pro-
posed a multimodal dataset, CrisisHateMM, for
detecting hate speech from text-embedded conflict
images. This demonstrates the generalization of
vision-linguistic approaches for detecting harmful
content. In the context of vaccine misinformation,
(Pramanick et al., 2021) presented MOMENTA,
a framework that makes use of both global im-
age and text features, as well as local entity-level
representations and object attributes, in order to
effectively capture the fine-grained semantic infor-
mation that is necessary in meme analysis tasks.
(Hayawi et al., 2022) also presented ANTi-Vax, a
text-based dataset that targets vaccine misinforma-
tion related to COVID-19. In a further extension
of the above studies, (Naseem et al., 2023) pre-
sented the VaxMeme dataset, which targets the
multimodal setting of vaccine misinformation anal-
ysis. At the same time, (Thapa et al., 2026a)
also proposed concept-grounded vision-language
models for interpretable vaccine misinformation
detection, offering an alternative approach to the
classification-centric models used in this shared
task. Unlike the aforementioned works, our work
differs in the following aspects: (i) comparative
evaluation of five encoders in a unified text-only
setting, (ii) direct comparison of the proposed ap-
proaches with the multimodal CLIP fusion variants
in the same setting, and (iii) the evaluation of the
proposed approaches on recently proposed state-
of-the-art models such as ModernBERT (Warner
et al., 2025) and DeBERTa-v3 (He et al., 2023),
which have not been previously evaluated on this
benchmark.

3 System Overview

3.1 Fusion and Classification Head

All systems both unimodal and multimodal, use a
classification head that is the same and acts on the
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Figure 2: Architecture diagram showing text-only systems.

last feature representation. Let z € R? denote the
input to the classification head.

In the multimodal (hybrid) setting, the L2-
normalized visual feature vector v € R°2 and
textual feature vector ¢ € R7%® are concatenated to
form a joint representation:

z = [v;t] € R0, (1)

In the unimodal settings, z corresponds directly
to the modality-specific representation:

v € RS2
o t € R768

Thus, the input dimension d varies depending
on the modality: d = 512 (image-only), d = 768
(text-only), and d = 1280 (hybrid).

Before classification, Layer Normalization is ap-
plied to z. The classification head is implemented
as a three-layer feedforward network with GELU
activations and dropout regularization:

Linear(d — 512) — GELU — Dropout(0.3)
Linear(512 — 128) — GELU — Dropout(0.2)
Linear(128 — 3)

(image-only)
g y @)
(text-only)

The last layer of the network generates logits
for the three classes of stances. The classification
head is randomly initialized and has a learning rate
higher than the one used for training the pre-trained
backbone encoders.

3.2 Multimodal Hybrid Systems (CLIP + Text
Encoder)

The same late fusion multimodal framework is used
by our hybrid systems. A visual encoder and a
BERT-family textual encoder (discussed in Section
3.3) are used to get fixed-length feature vectors for
the memes. The modality flag is used to specify the
active encoders (image only, text only, or hybrid)
and to specify if the normalized feature vectors
need to be concatenated.

3.2.1 Visual Encoder: CLIP ViT-B/32

For all hybrid experiments, we use the visual sub-
network of CLIP ViT-B/32 (Radford et al., 2021)
as the image encoder. CLIP is pre-trained via con-
trastive learning on 400 million web-scraped image-
text pairs. This model is particularly beneficial for
meme classification because the semantic meaning
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of visual elements is often defined in relation to
text.

In this work, we used the model via the OpenAl
CLIP library, loading the pre-trained weights for
ViT-B/32 with clip.load("ViT-B/32", jit=False) .

Each image is preprocessed through the default
CLIP pipeline (resizing to 224x224 and normaliz-
ing through CLIP channel statistics). The visual
encoder then produces a 512-dimensional vector.
During training time, the images also go through
a stochastic augmentation pipeline (as described
in Section 3.5) before CLIP preprocessing. This
model is cast to float32. During training, the whole
visual encoder is fine-tuned end-to-end with a back-
bone learning rate of 2 x 10~%. In the case of Mod-
ernBERT systems, a learning rate of 3 x 1076 is
used.

3.3 Text Encoders

We experiment with five text encoders from BERT-
family to assess the effect of text model choice on
multimodal meme and text-only systems classifica-
tion performance.

3.3.1 BERT-base-uncased (Devlin et al., 2019)

The most commonly used transformer-based En-
glish language pre-trained model is trained using
BooksCorpus and English Wikipedia datasets using
a masked language and next sentence prediction
task. The input is passed through a tokenizer and a
maximum length of 128 is considered. The [CLS]
token representation from the last hidden state is
used for text representation, with a dimensionality
of 768.

3.3.2 ModernBERT (Warner et al., 2025)

ModernBERT is a recent advancement in the
BERT family of transformer-based language en-
coders that leverage FlashAttention, an alternating
attention mechanism, and extensive pre-training
on 2 trillion tokens using a context window of
up to 8,192 tokens. In our experiment, we are
using a variant of ModernBERT developed by
answerdotai/ModernBERT-base variant. The hid-
den state of the last layer of the [CLS] symbol is
used for text representation and has a dimensional-
ity of 768. The ModernBERT model, along with
the BERT-base model, has been utilized as a perfor-
mance benchmark in all the experiments for both
families of systems.

3.3.3 RoBERTa-base (Liu et al., 2019)

The RoBERTa-base is a 125 million parameter en-
coder that is based on the BERT-base architecture
but employs a significantly enhanced pre-training
procedure. This includes dynamic masking, where
the masking is not static as in the original BERT,
the removal of the next sentence prediction task, the
use of ten times more data in the pre-training proce-
dure (approximately 160 GB of data, as opposed to
the 16 GB of the original BERT), and the employ-
ment of bigger batches and longer training steps.
In fact, the RoBERTa-base outperforms the origi-
nal BERT-base in all the standard natural language
processing tasks. In our work, the ROBERTa-base
is our primary strong text-only baseline, as our hy-
pothesis is that the more and varied pre-training
data, especially the web crawled material which
is closer in style to the Twitter dataset due to its
informal nature, might transfer particularly well to
our meme post task.

3.3.4 DistilBERT-base-uncased (Sanh et al.,
2020)

DistilBERT-base-uncased is a knowledge-distilled
model with 66 million parameters that is a vari-
ant of BERT-base. It has been designed to repro-
duce the output distributions of BERT-base while
reducing the number of parameters by 40%. It
also reduces inference time by 60%. The knowl-
edge distillation process uses a compound loss func-
tion that includes a loss from a masked language
model (MLM), cosine embedding alignment from
a BERT teacher model, and a soft cross-entropy
loss over teacher logits. Nevertheless, DistilBERT
has around 97% of the performance of BERT-base
on the GLUE test set. It has been designed to be
an efficiency baseline to calculate the performance
cost of model compression for meme stance clas-
sification tasks and to check whether the reduced
model performance has a significant effect on task
performance.

3.3.5 Deberta-v3-base (He et al., 2023)

DeBERTa-v3-base is an encoder model with 86M
parameters. It has two major improvements over
BERT: "disentangled attention" unlike traditional
BERT, disentangled attention calculates weight us-
ing distinct content and position vectors, which
enables the model to more effectively understand
token relationships at different positions, and "En-
hanced Mask Decoding" (EMD), which is similar
to ELECTRA and includes "replaced token detec-
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tion." It is used in text-only systems as a text en-
coder.

For all encoders, the post_text field is tok-
enized with padding and truncation to a maximum
of 128 tokens. The representation at the [CLS] po-
sition from the last hidden state (768-d) is extracted
and ¢5-normalized as

f

f=—
£z + €

, e=10"8, 3)

before being passed to the classification head.

3.4 Loss Function

We employ a weighted cross-entropy loss to ad-
dress class imbalance in the training data. Let
y € {0,1,2} denote the ground-truth label and
p € R3 the predicted class probabilities. The loss
is defined as:

3
L=-) weyclog(pe), “

c=1

where w,. denotes the class-specific weight, and
ye € {0, 1} is the one-hot indicator for class c.

Accordingly, the class weights w =
[1.2,1.2,1.0] associated with [anti-vaccine,
neutral, pro-vaccine] respectively were defined
based on the distribution of training set (pro-
vaccine: 3,199; anti-vaccine: 2,535; neutral:
2,461). This weighting strategy boosts the
influence of relatively infrequent classes in both
training and evaluation, which helps address bias
towards larger classes.

When training with gradient accumulation, the
per-batch loss will be divided by the number of
accumulation steps before backpropagation is exe-
cuted to ensure correct gradient scaling.

3.5 Data Augmentation

To improve visual generalization, we apply a
stochastic data augmentation pipeline to all training
images prior to CLIP preprocessing. It is not ap-
plied to the text-only systems, for which no image
data is processed. The augmentation pipeline con-
sists of: (1) random resized cropping to 224 x 224
with a scale range of (0.8,1.0), ensuring that at
least 80% of the original image content is retained;
(i1) random horizontal flipping with a probability
of 0.5; (iii) random rotation within +=15°; and (iv)
color jittering with brightness, contrast, and satura-
tion factors of 0.2.

No data augmentation is applied to validation
or test images. The same augmentation pipeline is
used across all hybrid model and image only model
(CLIP Vit-B/32) configurations.

4 Experimental Setup

4.1 Data Splits

For model training, we use the official VaxMeme
training partition, and for hyperparameter tuning
and early stopping, we use the official evaluation
partition as the development (validation) set. The
test labels are not available, and evaluation is con-
ducted via the official CodaBench submission sys-
tem. No external data is used for training.

4.2 Hyperparameters

All models are trained using a batch size of 32 with
gradient accumulation over 4 steps, yielding an ef-
fective weight update batch size of 128. The CLIP
visual encoder and text backbone use AdamW for
optimization with a learning rate of 2 x 107 (for
BERT-base systems) or 3x 106 (for ModernBERT
systems) and a weight decay of 0.01.

The classification head is trained with a learning
rate of 1 10~* and weight decay of 0.05 for BERT-
base systems, and a learning rate of 1.25 x 1073
for ModernBERT systems.

We use a OneCycleLR scheduler with
pct_start = 0.2, which performs linear warm-up
over the first 20% of training steps and then cosine
anneals to zero. Prior to each optimizer step we
perform gradient clipping with maximum norm of
0.5.

We train for up to 50 epochs with early stopping
based on validation macro-F1 and a patience of 5
epochs. The checkpoint with the best validation
macro-F1 is selected for evaluation on the final test
set.

4.3 Preprocessing

We load all images with the Pillow library, in
RGB format. In training, each image is processed
through data augmentation as described in Sec-
tion 3.5, followed by CLIP-specific preprocessing,
consisting of resizing images to 224x224 and nor-
malization using CLIP channel statistics, whereas
validation and test use CLIP preprocessing only. In
case an image is either missing from the filesystem
or corrupted, a zero tensor of shape (3,224, 224)
is used as a filler for those images.
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We tokenize the textual input (post_text) sepa-
rately for all models using its respective tokenizer
with padding and truncation to up to a maximum
sequence length of 128 tokens. In particular, we
use padding="max_length"”, truncation=True,
max_length=128 and return_tensors="pt".
All inputs are explicitly cast to string type for
robustness against missing or null data.

4.4 Evaluation Measures

The evaluation measure is based on the macro-
averaged F1 score. This is calculated using the un-
weighted mean of F1 scores for individual classes.
This ensures that equal weight is given to every
class irrespective of their frequency. In addition to
this, we also calculate macro-averaged precision
and recall.

The evaluation is done using the scikit-1learn
library. Specifically, we have used f1_score,
precision_score, and recall_score with
average="macro” arguments. In addition, we
have used zero_division=0 to handle undefined
values.

4.5 Tools and Libraries

The experiments use Python 3.10, PyTorch 2.x,
and Hugging Face Transformers v4.40+. Other
libraries include OpenAl CLIP for visual encoding,
scikit-learn for evaluation, Pillow for images, and
pandas for data handling.

For training, experiments use free Google Colab
GPUs with CUDA. If multiple GPUs are present,
data parallel training is performed via PyTorch
DataParallel.

5 Results

Table 1 displays the entire results of all systems
over the official validation and test sets. The top-
performing systems over all metrics are the BERT-
base-uncased text-only model with a test macro-F1
of 0.8102, which slightly outperforms the second-
best-performing model, RoOBERTa-base text-only
model with 0.8091. Other top-performing sys-
tems are the Deberta-v3-base text-only model with
0.7950 and the DistiIBERT-base text-only model
with 0.7938. The top-performing hybrid systems
are the CLIP + ModernBERT model with 0.7783,
followed by the CLIP + BERT-base model with
0.7603. The performance of the CLIP-only base-
line model is 0.7189. This shows that the textual
post_text features are much more discriminative
than image features alone for this dataset.

5.1 Text-Only vs. Multimodal Hybrid

One of the interesting observations from the re-
sults in Table 1 is the consistent outperformance
of text-only systems over their multimodal hybrid
counterparts, even when the same text encoder is
used. For example, the text-only system using the
BERT-base-uncased text encoder achieves 0.8102,
which is 4.99 percentage points ahead of the CLIP +
BERT-base hybrid system, which achieves 0.7603.
In another case, the ModernBERT text-only system
achieves 0.7797, which is almost comparable to
the performance of the CLIP + ModernBERT hy-
brid system, which achieves 0.7783. The metadata
field "post_text" describing the text of the tweet
in which the meme was originally shared is seen
to perform exceptionally well as a feature for vac-
cine stance classification. The addition of the CLIP
features does not seem to provide any advantage
over the text-only system, which is seen to be the
best-performing configuration in our experiments.
The reason for this might be the fact that the text
of the tweet originally shared by the author of the
meme actually contains the stance, which might
not require the use of the image. Future work might
involve the use of cross-attention fusion or the use
of the text read directly from the embedded text in
the images, i.e., OCR.

5.2 Comparison Across Text Encoders

Among the text-only models, BERT-base-uncased
has the highest test macro-F1 of 0.8102. This is fol-
lowed closely by RoBERTa-base with a test macro-
F1 of 0.8091. These two models have high per-
formance compared to ModernBERT-base with a
test macro-F1 of 0.7797, DistilBERT-base with
a test macro-F1 of 0.7938 and Deberta-v3-base
with a test macro-F1 of 0.7950. The underperfor-
mance of ModernBERT-base compared to BERT-
base is also noteworthy, especially considering that
ModernBERT-base was designed with a more re-
cent architecture and a pretraining corpus several
orders of magnitude larger. This may be due to
the nature of the post_text field, which consists
of short-form social media text with fewer than
128 tokens. In this case, the large context window
of up to 8,192 tokens and the complex attention
mechanisms of ModernBERT-base do not provide
any additional value and may pose optimization
difficulties. The test macro-F1 score for DeBERTa-
v3-base is 0.7950, ranking it in the third position
among text-only models despite its superior bench-
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Table 1: Results on the official validation and test sets. P = macro precision; R = macro recall. Val = validation set

System Pipeline ValF1 ValP ValR TestF1 TestP TestR
BERT-base-uncased Text-only 0.8166 0.8182 0.8162 0.8102 0.8126 0.8113
RoBERTa-base Text-only 0.8140 0.8141 0.8158 0.8091 0.8121 0.8117
DistilBERT-base Text-only 0.8140 0.8135 0.8149 0.7938 0.7941 0.7949
ModernBERT-base Text-only 0.7923 0.7945 0.7955 0.7797 0.7819 0.7819
Deberta-v3-base Text-only 0.8024 0.8020 0.8030 0.7950 0.7957 0.7964
CLIP + BERT-base Hybrid 0.7604 0.7676 0.7587 0.7603 0.7682 0.7603
CLIP + ModernBERT  Hybrid 0.7791 0.7874 0.7785 0.7783 0.7882 0.7789
CLIP ViT-B/32 Image-only 0.7217 0.7223 0.7220 0.7189 0.7192 0.7190
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Figure 3: Confusion Matrices for text-only model BERT-base-uncased on validation and test sets.

mark performance on traditional NLP tasks. This
shows that its disentangled attention mechanism
provides little advantage in handling short infor-
mal text in tweets. The high performance of the
RoBERTa-base model is also expected due to the
pretraining of this model over a larger and more di-
verse corpus compared to BERT-base. The corpus
used by RoBERTa-base also includes web-crawled
text, which may be closer to Twitter text. The high
validation F1 of 0.8140 and relatively lower test F1
(0.7938) by DistilBERT-base suggests some overfit-
ting or train-test distribution mismatch, consistent
with its reduced model capacity.

5.3 Error Analysis

The confusion matrices of the best-performing text-
only system are presented in Figure 3 and its cor-
responding hybrid model’s confusion matrices are
presented in Figure 4, showing their performance
on the validation and test sets. For both models,
the neutral class, which corresponds to label 1, is
the key challenge. For the test set, the hybrid sys-
tem misclassifies 84 vaccine-critical and 57 pro-
vaccine memes as neutral, whereas the text-only

system misclassifies 54 and 46, respectively. There-
fore, the text-only system is better for the neutral
class. The pro-vaccine class, which corresponds
to label 2, is the best for both models. For the hy-
brid system, the F1 score is 0.8548, whereas for
the text-only system, the score is 0.8795, likely
because pro-vaccine memes tend to have strong
sentiment.

We manually analyzed the 100 cases of mis-
classification in the validation set of our best-
performing model (BERT base uncased, text only).
Three types of misclassifications were found.

i. Sarcasm and ironic framing (42%): Firstly,
there are 42% of misclassified memes that ex-
press the vaccine-critical message with the use
of sarcasm or irony. In these memes, words
such as “Trust the science!” and “Safe and ef-
fective!” are used in an ironic way. However,
the text encoder does not recognize the irony.

ii. Implicit cultural references (31%): Sec-
ondly, 31% of misclassifications are due to
the meme implicitly referring to something,
such as knowledge of a political figure, an in-
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Figure 4: Confusion Matrices for hybrid model CLIP + BERT-base on validation and test sets.

ternet meme template, or a cultural event that
cannot be inferred from the text alone. The
model does not have enough world knowledge
to comprehend the reference.

iii. Neutral/vaccine-critical ambiguity (27 %):
Lastly, 27% of misclassifications are due to
the ambiguity of the meme, which represents
a nuanced view that acknowledges both the
benefits of vaccines as well as the concerns,
thus placing it near the boundary of neutral
and vaccine-critical in the original dataset.

6 Conclusion

We present our comprehensive system for the
VaxMeme Shared Task at EEUCA 2026, compar-
ing the performance of multimodal hybrid CLIP-
fusion models with text-only fine-tuned language
models for vaccine-critical meme stance classifica-
tion. Our main discovery is that text-only models,
especially the BERT-base-uncased model (0.8102
test macro F1), even outperform their multimodal
counterparts when using the post_text tweet meta-
data signal. This suggests that the tweet text signal
is highly discriminative for vaccine stance classi-
fication in this dataset. The CLIP model, using
only image data, performs worse (0.7189) than
text-based models, validating that vaccine stance
cannot be reliably inferred from visual content
alone. Common problems among configurations
include sarcasm, culture, and ambiguity at the neu-
tral/vaccine critical boundary.

Several avenues for enhancement have been iden-
tified. Firstly, the text extracted from the meme im-
age using OCR can be leveraged as an additional
visual-textual feature, different from post_text. Sec-

ondly, using cross-attention for fusion can improve
the modeling of inter-modal relationships, thereby
improving the understanding of sarcasm and im-
plicit cultural cues. Thirdly, larger vision-language
models, namely LLaVA and InstructBLIP, can im-
prove the results for sarcasm detection and implicit
cultural understanding. Lastly, using a retrieval
model with an external knowledge base can im-
prove the results by addressing the principal failure
modes identified.

7 Limitations

* Data dependency and overfitting: The
model heavily relies on post_text, which
caused overfitting and weak generalization to
visual inputs, as seen in the poor performance
of image-only CLIP.

* Simplistic multimodal fusion: The fusion
method is relatively simple and fails to cap-
ture complex relationships between text and
images.

* No image-text extraction: The system does
not extract text from images, missing impor-
tant semantic information in memes.

* Class ambiguity: The model struggles with
sarcasm, cultural context, and the distinction
between neutral and vaccine-critical classes.

* No external knowledge: The approach does
not use external knowledge or retrieval meth-
ods to resolve ambiguity.
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Table 2: Hyperparameter settings for text-only and hybrid pipelines.

Hyperparameter Text-Only Hybrid

Batch size 32 32

Gradient accumulation 4 4

Effective batch size 128 128

Max epochs 50 50

Early stopping (patience) 5 5

LR — backbone 3x107° 2 x 10~% (BERT), 3 x 10~ % (Modern-
BERT)

LR — classifier head 1x1074 1x1074

Weight decay (backbone / head) 0.01/0.05 0.01/0.05

Optimizer AdamW AdamW

Scheduler OneCycleLR (pct_start = 0.2) OneCycleLR (pct_start = 0.2)

Gradient clipping 0.5 0.5

Dropout (512 / 128 layer) 0.3/0.2 0.3/0.2

Max text tokens 128 128

Image size N/A 224 x 224

Image augmentation N/A RandomResizedCrop, HFlip, Rotation
(£15°), ColorlJitter

Class weights [0,1,2] [1.2,1.2,1.0] [1.2,1.2,1.0]
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