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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;
Hürriyetoğlu et al., 2026). This task focuses on
fine-grained stance understanding in public health
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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; Hürriyetoğlu 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 LLM-assisted multimodal fusion
method by adding an auxiliary description branch,
llm_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 pknn.
Ultimately, the parametric model prediction pmodel
is interpolated with the non-parametric retrieval
prior pknn to yield the final probability distribution:

pfinal = αpmodel + (1− α)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.

5 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
EVA02-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× 10−5, a weight decay of 5× 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 3× 10−5

Weight Decay 5× 10−4

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-

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.

References
Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-

bin Ge, Sibo Song, Kai Dang, Peng Wang, Shi-
jie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu,
Mingkun Yang, Zhaohai Li, Jianqiang Wan, Pengfei
Wang, Wei Ding, Zheren Fu, Yiheng Xu, and 8 oth-
ers. 2025. Qwen2.5-VL technical report. Preprint,
arXiv:2502.13923.

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.

Mingxuan Chen, Xinqiao Chu, and K. P. Subbalakshmi.
2021. MMCoVaR: Multimodal COVID-19 vaccine
focused data repository for fake news detection and
a baseline architecture for classification. In Proceed-
ings of the 2021 IEEE/ACM International Conference
on Advances in Social Networks Analysis and Mining,
pages 31–38.

Zhi-Hao Guan, Qing-Yuan Jiang, and Yang Yang.
2025. Balance-aware sequence sampling makes
multi-modal learning better. In Proceedings of the
Thirty-Fourth International Joint Conference on Arti-
ficial Intelligence, pages 2842–2850.
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