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Abstract

Political memes are widely used to express
opinions, sarcasm, and ideological narratives
on social media platforms. However, detect-
ing political trolling in low-resource languages
such as Tamil and Malayalam remains challeng-
ing due to limited datasets and tools. To address
this problem, DravidianLangTech@ACL 2026
organized a shared task on hierarchical political
meme classification.

This work explores text-only models, classical
multimodal fusion, and Vision-Language Mod-
els (VLMs) for Tamil and Malayalam political
meme classification. Our experiments include
IndicBERTv2, XLM-RoBERTa, EfficientNet-
based multimodal fusion, and Qwen-VL mod-
els. Among the submitted systems, Qwen2.5-
VL-7B-Instruct with 4-bit QLoRA fine-tuning
achieved competitive performance, ranking 3rd
in the Malayalam track and 4th in the Tamil
track based on weighted-F1 score. Additional
post-evaluation experiments with Qwen3-VL-
8B further improved macro-F1 performance,
highlighting the effectiveness of VLMs for low-
resource multilingual political meme classifica-
tion.

1 Introduction

Memes are widely used to express humor, sarcasm,
and opinions through combined visual and textual
content (Hegde et al., 2021), and have become a
common form of communication on social media
platforms. While many memes are created for en-
tertainment, political memes are increasingly used
to target individuals, parties, or ideologies through
trolling and subtle forms of online harassment (Das
et al., 2022). Such content can amplify polarized
narratives and influence societal perceptions and
democratic discussions, making NLP and AI tech-
niques important for analyzing multimodal political
content at scale.

*https://github.com/Junainn/Shared-Task-2026

Most existing studies mainly focus on high-
resource languages such as English (Liu et al.,
2025; Huertas-Tato et al., 2024), while compara-
tively less attention has been given to low-resource
languages like Tamil, Malayalam, and Bangla. In
addition, prior works primarily focus on hateful
or harmful meme detection (Hossain et al., 2024;
Pramanick et al., 2021), with limited emphasis on
fine-grained political stance classification in multi-
lingual settings.

To address this challenge, Dravidian-
LangTech@ACL 2026 organized a shared
task on “Multi-Level Political Meme Classifi-
cation” (Rajiakodi et al., 2026) for Tamil and
Malayalam political memes. The task aims to
encourage the development of culturally aware
multimodal systems capable of identifying political
stance and target information from meme discourse
in low-resource Dravidian languages. The main
contributions of this work are as follows:

• We compare text-only, classical multimodal
fusion, and Vision-Language Models for hier-
archical political meme classification in Tamil
and Malayalam.

• We analyze the impact of severe class imbal-
ance on multimodal political meme classifica-
tion across Level-1 and Level-2 tasks.

• We demonstrate the effectiveness of Vision-
Language Models for low-resource multilin-
gual political meme understanding.

2 Related Work

Multimodal meme analysis gained prominence
with the Hateful Memes Challenge (Kiela et al.,
2020), which highlighted the importance of jointly
modeling visual and textual signals. Early cross-
modal transformers such as ViLBERT (Lu et al.,
2019) introduced attention-based alignment mech-
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Language Train Test
Tamil 803 201
Malayalam 500 100
Total 1303 301

Table 1: Language-wise train/test distribution.

anisms for vision-language reasoning, forming the
foundation of modern multimodal architectures.

In Dravidian languages, prior shared-task sys-
tems explored troll and misogyny meme detec-
tion using multimodal fusion techniques (Hegde
et al., 2021; Das et al., 2022; Hossan et al., 2025).
However, fine-grained political meme classification
with stance and target prediction remains relatively
underexplored.

Large vision-language models such as Qwen-
VL (Bai et al., 2023) extend transformer-based
multimodal reasoning to diverse downstream tasks.
Parameter-efficient methods like LoRA (Hu et al.,
2022), along with memory-efficient optimization
techniques including 8-bit quantization (Dettmers
et al., 2022) and AdamW optimization (Loshchilov
and Hutter, 2019), enable practical adaptation of
large multimodal models in low-resource settings.

Despite strong general-domain performance,
large multimodal models remain underexplored for
political meme classification involving cultural nu-
ance, multilingual text, and severe class imbalance
in low-resource languages.

3 Data Description

The dataset consists of political memes in two Dra-
vidian languages: Tamil and Malayalam. Each
sample contains a meme image, associated tex-
tual content, and hierarchical annotations. The
task is formulated as a two-level classification
problem: Level-1 represents coarse-grained stance
(Troll/Oppose vs. Support), while Level-2 provides
fine-grained target-specific labels.

Dataset Split: The dataset is divided into train-
ing and test sets for both languages, with a valida-
tion split created from the training data. Table 1
summarizes the overall distribution.

Level-1 Distribution: Tamil contains 691
Troll/Oppose and 112 Support/Praise samples,
while Malayalam contains 477 Troll/Oppose and
23 Support/Praise samples, indicating severe im-
balance in both datasets.

Level-2 Distribution: Tamil contains four fine-
grained classes, while Malayalam contains five
classes including an additional Intersection cate-

Tamil Level-2 Class Train
Troll/Oppose Against Person 547
Troll/Oppose Against Party 146
Support for person 86
Support for party 24

Table 2: Tamil Level-2 class distribution.

Malayalam Level-2 Class Train
Against individual person 315
Against party 110
Intersection 53
Support for individual person 12
Support for party 10

Table 3: Malayalam Level-2 class distribution.

gory. Tables 2 and 3 show the Level-2 training
distribution.

4 Methodology

We explored three modeling paradigms: (i) text-
only models, (ii) classical multimodal fusion, and
(iii) large Vision-Language Models (VLMs). All
approaches were evaluated under identical train-
test splits for both Level-1 and Level-2 classifica-
tion tasks.

4.1 System Overview
The objective of exploring multiple paradigms is to
systematically analyze the contribution of textual
information, visual features, and large-scale cross-
modal pretraining in political meme classification.
Figure 1 shows the overall experimental pipeline
used in this study.

4.2 Text-Only Approach
The text-only baseline evaluates classification us-
ing OCR-extracted text without visual features, em-
ploying a hierarchical two-stage strategy.

OCR Extraction and Hierarchical Classifica-
tion: Text was extracted from meme images using
Qwen2-VL-2B-Instruct with the prompt "Extract
all text from this image. Return only the text."
Outputs were cleaned using regex to remove con-
versational artifacts and cached to avoid recom-
putation. For hierarchical classification, we first
predicted Level-2 (fine-grained) labels from OCR
text, then prepended the prediction to the original
text as [Level2: <prediction>] <ocr_text>
for Level-1 classification. This allows coarse-level
predictions to benefit from fine-grained contextual
signals.

Models and Training: We fine-tuned two trans-
former encoders: ai4bharat/IndicBERTv2-MLM-
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Figure 1: Overall experimental pipeline showing text-
only, multimodal fusion, and VLM-based approaches.

only and xlm-roberta-base, with separate models
for Level-1 and Level-2. Training used 15 epochs
on an 85/15 stratified split with batch size 16, learn-
ing rate 1×10−5, weight decay 0.01, warmup ratio
0.1, and max sequence length 128. Class imbal-
ance was handled via weighted cross-entropy loss
with FP16 mixed precision. Best checkpoints were
selected by validation macro F1-score, which was
also the primary evaluation metric alongside accu-
racy and per-class metrics.

4.3 Classical Multimodal Fusion

The classical multimodal baseline models visual
and textual information jointly using an early-
fusion architecture without relying on OCR.

Visual and Text Encoders: Images were
encoded using pretrained EfficientNet-B3 (Tan
and Le, 2019) (ImageNet pretrained). The final
classification layer was removed, and the 1536-
dimensional pooled feature was projected to a
512-dimensional representation via a linear layer
with ReLU. For text, bert-base-multilingual-cased
(mBERT) (Devlin et al., 2019) was used with
bilingual political vocabulary prompts containing
commonly used political terms, party references,
and stance-related keywords in both English and
Tamil/Malayalam. These prompts were intended
to encourage politically relevant multilingual rep-
resentations within mBERT. The 768-dimensional
[CLS] representation served as the textual feature.

Fusion and Training: The 512-dimensional
visual and 768-dimensional textual embeddings
were concatenated into a 1280-dimensional joint

representation and passed through a small MLP
(Dropout → Linear → ReLU → Dropout →
Linear) for classification. Training followed a
three-phase schedule: phases 1–2 (LR=2× 10−4,
5 × 10−5) updated all layers, while phase 3
(LR=1× 10−5) froze mBERT and continued train-
ing the visual and fusion layers. Optimization used
AdamW with class-weighted cross-entropy loss
and a OneCycle scheduler, with strong image aug-
mentation and class-balanced oversampling to ad-
dress data imbalance.

4.4 Vision-Language Models
We fine-tuned instruction-tuned Vision-Language
Models from the Qwen-VL family (Bai et al.,
2023). While Qwen3-VL-8B achieved stronger
post-evaluation performance, Qwen2.5-VL-7B was
used for the official shared-task submission, as the
Qwen3 experiments were conducted later during
additional evaluation and analysis.

Architecture and Optimization: Qwen-VL
processes images and text jointly within a unified
transformer, enabling cross-modal reasoning with-
out explicit feature fusion. The models can directly
interpret Tamil and Malayalam text within images
through multimodal pretraining, eliminating the
need for OCR preprocessing. Models were loaded
in 4-bit quantized format (Dettmers et al., 2022)
with gradient checkpointing to enable efficient fine-
tuning on limited GPU resources. Table 4 shows
the training parameters used in this study.

Parameter-Efficient Fine-Tuning: We adopted
Low-Rank Adaptation (LoRA) (Hu et al., 2022), in-
serting adapters into vision layers, language layers,
attention modules, and MLP blocks.

Data Balancing and Training: To address se-
vere class imbalance (23:1 for Tamil and 32:1 for
Malayalam), minority classes were oversampled
to approximately 200 samples per class. Train-
ing followed a supervised instruction-tuning setup,
where each meme image was paired with a natural
language classification prompt. The prompts ex-
plicitly defined each class label (e.g., troll_person,
troll_party, and support_person) and instructed the
model to generate only the final category name.
For Malayalam, additional prompt clarification was
added for the intersection class to better distinguish
memes targeting both a political individual and
their party, particularly in sarcastic or ambiguous
cases. Tamil experiments converged in one epoch,
while Malayalam required two epochs with a re-
duced learning rate in the second stage to refine
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Parameter Tamil Malayalam
Quantization 4-bit 4-bit
LoRA rank (r) 16 16
LoRA alpha (α) 16 16
Batch Size 2 2
Learning Rate 2e-5 2e-5 (epoch 1)

5e-6 (epoch 2)
Epochs 1 2
Optimizer AdamW (8-bit) AdamW (8-bit)
LR Schedule Cosine Cosine

Table 4: VLM fine-tuning configuration

Model Accuracy Macro-F1 Weighted-F1
Tamil (201 samples)

IndicBERTv2 (Text-only) 38.31 28.68 43.00

XLM-RoBERTa (Text-only) 44.28 33.87 47.00

mBERT + EfficientNet (Multimodal) 63.18 34.59 58.39

Qwen2.5-VL-7B 66.67 45.85 67.85

Qwen3-VL-8B 70.15 49.70 69.71
Malayalam (100 samples)

IndicBERTv2 (Text-only) 48.00 27.12 42.00

XLM-RoBERTa (Text-only) 42.00 30.54 41.00

mBERT + EfficientNet (Multimodal) 36.00 22.16 34.11

Qwen2.5-VL-7B 49.00 35.94 49.78

Qwen3-VL-8B 57.00 36.40 58.29

Table 5: Level-2 classification performance (%) across
text-only, multimodal, and VLM approaches.

class boundaries. Inference used greedy decoding
for deterministic predictions.

5 Results and Analysis

5.1 Level-2 Classification Results
Level-2 classification focuses on fine-grained
stance categories in political memes. Table 5 com-
pares text-only models, classical multimodal fu-
sion, and vision-language models.

Across both languages, models that incorporate
visual information perform better than text-only
baselines. The best results are obtained by Qwen3-
VL-8B, which achieves a macro-F1 of 49.70% for
Tamil and 36.40% for Malayalam. This improve-
ment suggests that jointly modeling visual and tex-
tual cues is important for capturing the nuanced
meaning of political memes.

5.2 Level-1 Classification Results
Level-1 classification focuses on binary stance de-
tection (Support/Praise vs. Troll/Oppose). Table 6
reports results across Tamil and Malayalam.

For Tamil, models that incorporate visual in-
formation perform better than text-only baselines,
with Qwen3-VL-8B achieving the best macro-F1
score of 82.12%.

Model Accuracy Macro-F1 Weighted-F1
Tamil (201 samples)

IndicBERTv2 (Text-only) 67.16 51.18 72.00

XLM-RoBERTa (Text-only) 78.11 56.90 79.00

mBERT + EfficientNet (Multimodal) 81.59 67.63 83.39

Qwen2.5-VL-7B 87.06 75.84 88.05

Qwen3-VL-8B 90.55 82.12 91.22
Malayalam (100 samples)

IndicBERTv2 (Text-only) 96.00 48.98 94.00

XLM-RoBERTa (Text-only) 96.00 48.98 94.00

mBERT + EfficientNet (Multimodal) 92.00 31.94 92.00

Qwen2.5-VL-7B 88.00 31.54 90.84

Qwen3-VL-8B 85.00 30.80 88.70

Table 6: Level-1 binary classification performance (%)
across text-only, multimodal, and VLM approaches.

Malayalam results are strongly affected by se-
vere class imbalance, with only four Support/Praise
instances compared to ninety-six Troll/Oppose
samples in the test set. As a result, text-only models
achieve high accuracy (96%) by predicting the ma-
jority class, while macro-F1 reveals poor minority-
class performance.

Overall, Level-1 classification is substantially
easier than the fine-grained Level-2 task, leading
to higher scores across all models.

6 Conclusion

This work investigated hierarchical political meme
classification for Tamil and Malayalam using text-
only models, classical multimodal fusion, and
Vision-Language Models (VLMs). The best-
performing results were achieved by Qwen3-VL-
8B, which obtained the highest macro-F1 and
weighted-F1 scores across both Tamil and Malay-
alam datasets in the Level-1 and Level-2 classifica-
tion tasks.

Our analysis also highlights severe class imbal-
ance in the Malayalam dataset, where accuracy can
be misleading despite poor minority-class perfor-
mance. This emphasizes the importance of macro-
averaged metrics for reliable evaluation.

Overall, jointly modeling visual and textual in-
formation improves political meme classification
in low-resource languages.

Limitations

The provided dataset was relatively small, espe-
cially for the malayalam dataset. Both datasets
were extremely imbalanced which impacted the
predictions for minority classes. The performance
was constrained by limited access to GPU re-
sources, which restricted the use of more computa-
tionally intensive and powerful models.
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moting or endorsing any political ideology.
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A Error Analysis

Analysis of misclassifications reveals several con-
sistent patterns across both tasks and languages.
For Level-2 classification, models often confuse
“Against individual person” and “Against party”,
as these categories share similar rhetorical expres-
sions and visual cues in political memes. Perfor-
mance also drops for minority classes, particularly
“Support for individual person”, which consistently
receives much lower F1 scores than the dominant
opposition categories.
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This issue is especially evident in the Malayalam
dataset, where the Level-1 test set contains only
four Support/Praise instances compared to ninety-
six Troll/Oppose samples. As a result, text-only
models achieve high accuracy (96%) by predict-
ing the majority class, while failing to detect the
minority class, leading to zero F1 score for Sup-
port/Praise.

Figure 2: Tamil — Level 1 (Binary)

Figure 3: Tamil — Level 2 (4-class)

Visual information improves performance on
the Tamil dataset by reducing confusion between
fine-grained Level-2 categories. Vision-Language
Models show better ability to distinguish person-
oriented and party-oriented attacks. In the Tamil
Level-1 matrix (Figure 2), the model correctly iden-
tifies the dominant Troll/Oppose class, while Level-
2 (Figure 3) shows confusion between troll_person
and troll_party. However, in the Malayalam
dataset, severe class imbalance limits the ability
of all models to learn reliable patterns for mi-

Figure 4: Malayalam — Level 1 (Binary)

Figure 5: Malayalam — Level 2 (5-class)

nority classes. The Malayalam Level-1 matrix
(Figure 4) confirms near-total collapse onto the
Troll/Oppose class, while Level-2 (Figure 5) shows
that the intersection class is frequently misclas-
sified as troll_person. These findings highlight
the importance of balanced evaluation datasets and
macro-averaged metrics.
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