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Abstract

Political memes in Tamil and Malayalam
present unique multimodal challenges for auto-
mated understanding, combining visual context
with code-mixed, culturally grounded text. We
present SYNAPSE, our system for the Dravidi-
anLangTech@ACL 2026 shared task on multi-
level political meme classification. The task
requires hierarchical classification of memes
along two levels: Level 1 identifies the politi-
cal stance (Support/Praise vs. Troll/Oppose),
and Level 2 identifies the target (individual
person vs. party). Our approach fine-tunes
the Qwen3-VL-2B-Instruct vision-language
model using parameter-efficient LoRA adapters
on task-specific multimodal data, with struc-
tured output prompting for hierarchical label
prediction. We report results for both Tamil
and Malayalam subtracks. For Malayalam, our
system achieves a Level 1 F1 of 0.9200 and
Level 2 F1 of 0.4256 (Avg-F1: 0.6728, Rank 5).
For Tamil, our system achieves a Level 1 F1
of 0.7840 and Level 2 F1 of 0.4885 (Avg-F1:
0.6362, Rank 14).

Keywords: Political meme classification, mul-
timodal NLP, vision-language models, Tamil,
Malayalam, LoRA fine-tuning, Dravidian-
LangTech.

1 Introduction

Political memes have become a potent instrument
in online political discourse, particularly in mul-
tilingual and low-resource languages such as in
Tamil and Malayalam social media. Unlike plain
text, memes combine image and text in culturally
situated ways that make their automated interpre-
tation more challenging (Kiela et al., 2020). In
the Tamil and Malayalam social media landscape,
political memes routinely employ code-switching,
sarcasm, regional symbols, and implicit references
to political events that are vague to standard NLP
systems (Francis et al., 2025).

The DravidianLangTech@ACL 2026 shared task
on Multi-Level Political Meme Classification ad-
dresses this gap by making it a hierarchical clas-
sification challenge over Tamil and Malayalam
political memes. Each meme must be classified
along two levels simultaneously: Level 1 states
whether the meme expresses Support/Praise or
Troll/Oppose toward some political entity or per-
son, and Level 2 identifies the target of that stance,
specifically whether it is directed at an individ-
ual person or a party. The fine-grained nature of
Level 2, with categories including Troll Against
Person, Troll Against Party, Support for Person,
and Support for Party, requires systems to go be-
yond surface level sentiment understading toward
in detail political target identification.

We present SYNAPSE, a multimodal clas-
sification system based on parameter-efficient
fine-tuning of the Qwen3-VL-2B-Instruct vision-
language model (Qwen Team, 2025). Our system
formats hierarchical classification as structured gen-
eration: a single pass of the model produces both
Level 1 and Level 2 predictions via a constrained
output template. This approach avoids the need for
decoupled classification heads or two-stage infer-
ence pipelines, making it computationally efficient
and straightforward to deploy.

Our key contributions are as follows:

1. Multimodal fine-tuning of a compact vision-
language model (Qwen3-VL-2B) using LoRA
adapters, enabling effective learning from
small task-specific datasets without full model
retraining.

2. Structured output prompting that defines
joint Level 1 and Level 2 predictions in a
single generation pass via a fixed template
format, ensuring consistent hierarchical label
extraction.

3. Empirical comparison of multiple ap-
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proaches including knowledge distillation
from Qwen-8B and chain-of-thought prompt-
ing with translation, demonstrating that direct
LoRA fine-tuning on the 2B model outper-
forms these alternatives on this task.

2 Related Work

2.1 Multimodal Meme Understanding

Meme understanding has received increasing at-
tention in the NLP and computer vision research.
Kiela et al. (2020) introduced the Hateful Memes
dataset, establishing multimodal classification of
meme content into a benchmark challenge and
prooving that vision-language approach outper-
forms single modal baselines. Subsequent work
has explored late fusion, attention mechanisms, and
pre-trained vision-language models for meme un-
derstanding tasks (Pramanick et al., 2021).

2.2 Political Sentiment in Dravidian
Languages

Sentiment analysis in Dravidian languages has
been a recurring theme in the DravidianLangTech
workshop series (Chakravarthi et al., 2022). Prior
work has used transformer-based models includ-
ing mBERT, IndicBERT, and XILM-RoBERTa for
code-mixed Tamil and Malayalam text (Kakwani
et al., 2020; Conneau et al., 2020). However, most
prior systems treat the problem as purely text-based
problem, neglecting the visual component of meme
content.

2.3 Vision-Language Models for
Low-Resource languages

Large-scale vision-language models (VLMs) such
as LLaVA (Liu et al., 2023), InstructBLIP (Dai
et al., 2023), (Kumar et al., 2024), (Premjith et al.,
2023), and the Qwen-VL series (Bai et al., 2023)
have demonstrated strong performance on image-
text tasks with appropriate fine-tuning. Parameter-
efficient fine-tuning methods such as LoRA (Hu
et al., 2022) make it feasible to adapt large mod-
els to low-resource multimodal tasks without pro-
hibitive computational cost. Our approach builds
on this paradigm, applying LoRA fine-tuning to
Qwen3-VL-2B-Instruct for politically in depth,
Dravidian-language meme classification.

3 Task and Dataset Description
3.1 Task Definition

The shared task requires hierarchical classification
of political memes along two levels:

* Level 1: Binary stance classification — Sup-
port/Praise vs. Troll/Oppose.

* Level 2: Target identification — whether the
stance is directed at an Individual Person or a
Party (or Intersection in the Malayalam track).

The full Level 2 label taxonomy across the two
tracks is as follows. For Tamil: Troll/Oppose
Against Person, Troll/Oppose Against Party, Sup-
port for Person, and Support for Party. For Malay-
alam: the corresponding categories additionally
include Intersection, referring to memes that target
an intersection of a person and a party simultane-
ously.

Evaluation uses macro-averaged precision, re-
call, and F1 score, computed independently for
Level 1 and Level 2 predictions, and reported as
per the scikit-learn classification report. The final
ranking is based on the average of Level 1 and
Level 2 macro F1 scores.

3.2 Datasets

Two separate datasets are provided for Tamil and
Malayalam. Each meme is represented by an im-
age file and a structured label file (Rajiakodi et al.,
2026). Table 1 summarises partition sizes across
both language tracks.

Language  Split Instances L2 Classes
Tamil Train 803 4
amt Test 201 4
Train 500 5
Malayalam Test 100 5

Table 1: Dataset statistics for Tamil and Malayalam
tracks.

3.3 Class Distribution

Both datasets exhibit notable class imbalance. In
the Tamil training set, Troll/Oppose Against Per-
son constitutes the majority class (547 instances),
followed by Troll/Oppose Against Party (146), Sup-
port for Person (86), and Support for Party (24). In
the Malayalam training set, Against Individual Per-
son is also dominant (315), while Support for Party
and Support for Individual Person have far fewer
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instances (10 and 12 respectively). This imbalance
motivates the use of macro-averaged metrics and
poses a significant challenge for minority-class per-
formance at Level 2.

4 Methodology

Our system fine-tunes the Qwen3-VL-2B-Instruct
vision-language model (Qwen Team, 2025) using
Low-Rank Adaptation (LoRA) (Hu et al., 2022) to
perform joint hierarchical classification across both
levels in a single structured generation pass.

4.1 Base Model

We use Qwen3-VL-2B-Instruct as our backbone.
This model provides a compact yet capable mul-
timodal encoder-decoder architecture, jointly pro-
cessing image and text inputs via a visual encoder
and a transformer decoder. Its instruction-tuned
variant supports structured dialogue-format inputs,
making it well-suited for template-based output
generation. Images are processed at a maximum
resolution of 512 x 512 pixels to balance visual
fidelity with computational efficiency.

4.2 Data Preprocessing

Training labels are normalised to a unified vocabu-
lary prior to fine-tuning. Level 1 labels are mapped
to SUPPORT and CRITICISE, while Level 2 labels
are mapped to PERSON, PARTY and BOTH. Each train-
ing instance is converted into a structured conversa-
tion consisting of a user turn containing the meme
image and a fixed instruction prompt, and an as-
sistant turn containing the ground-truth structured
output:

INTENT: [SUPPORT|CRITICISE]
TARGET: [PERSON|PARTY|BOTH]

This format enforces a predictable output struc-
ture that can be deterministically parsed at infer-
ence time, eliminating the ambiguity of free-form
generation.

4.3 LoRA Fine-Tuning

We apply LoRA to the query and value projection
matrices (q_proj and v_proj) of the transformer
decoder. Fine-tuning hyperparameters are as fol-
lows: rank r = 4, o = 8, dropout = 0.15. Training
uses a per-device batch size of 1 with gradient ac-
cumulation over 8 steps (effective batch size 8), a
learning rate of 5 x 107°, and a weight decay of
0.1. Models are trained for 500 steps with bfloat16
mixed precision. Only the LoRA adapter weights

are saved after training, keeping the checkpoint
lightweight and the base model frozen.

4.4 Inference and Output Parsing

At inference time, each test meme is passed through
the model with the same instruction prompt used
during fine-tuning. Generation is performed greed-
ily (do_sample=False) with a maximum of 150
new tokens. The output is parsed line-by-line: the
INTENT: line yields the Level 1 prediction and the
TARGET: line yields the Level 2 prediction. Un-
known or malformed outputs are assigned a fall-
back label of UNKNOWN.

4.5 Explored Alternatives

We investigated two additional approaches that
were ultimately outperformed by direct LoRA fine-
tuning:

* Knowledge distillation from Qwen3-VL-
8B: We attempted to use the 8B variant as a
teacher model to generate soft labels or expla-
nations for training the 2B student. While the
8B model produced higher-quality zero-shot
outputs, the distillation process did not yield
consistent improvements over direct task fine-
tuning of the 2B model, likely due to domain
mismatch and the small training set size.

* Chain-of-thought prompting with transla-
tion: We explored prompting the model to
first translate the Tamil or Malayalam meme
text to English and then reason step-by-step
before predicting the final labels. This ap-
proach consistently underperformed, as trans-
lation introduced errors on code-mixed and
colloquial inputs, and the additional reason-
ing steps were not reliably grounded in the
meme’s visual content.

These comparisons confirm that direct, targeted
fine-tuning on the task data with structured output
constraints is the most effective strategy for this
low-resource multimodal classification problem.

5 Results and Analysis

5.1 Evaluation Metric

Performance is reported using macro-averaged pre-
cision (P), recall (R), and F1 score separately for
Level 1 and Level 2 predictions. Accuracy (ACC)
is also reported. The final ranking metric is the
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1. Data Input & Preprocessing 2. Base Model Architecture

3. Parameter-Efficient Fine-Tuning (LoRA)

4. Inference & Structured Generation 5. Output Parsing & Final Classification
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Figure 1: Overview of the proposed SYNAPSE architecture for multi-level political meme classification. The
pipeline processes each meme through parallel image and text streams, feeds them into a Qwen3-VL-2B-Instruct
vision-language model fine-tuned with LoRA adapters on query/value projections (base model frozen), and produces
hierarchical predictions via structured output prompting: Level 1 stance (Support vs. Troll) and Level 2 target

(Person vs. Party).

average of Level 1 and Level 2 macro F1 scores:

F1 F1
AVg—Fl _ Levell ;‘ Level2 (1)

5.2 Official Results

Tables 2 and 3 report our official shared task results
alongside the top-ranked systems for the Malay-
alam and Tamil subtracks respectively.

L1-F1 L2-F1
SYNAPSE 0.9200 0.4256

Team Avg-F1 Rank

0.6728 5

Table 2: Official results - Malayalam subtrack (selected
teams).

L1-F1 L2-F1
SYNAPSE 0.7840  0.4885

Team Avg-F1 Rank

0.6362 14

Table 3: Official results - Tamil subtrack (selected
teams).

5.3 Analysis

Across both subtracks, Level 1 performance sub-
stantially exceeds Level 2 performance. This is
expected: binary stance classification (Support vs.
Troll) is a simpler task with higher inter-class sep-
arability, whereas Level 2 target identification re-
quires resolving fine-grained distinctions between
person- and party-directed stances that often co-
occur in the same meme.

The Malayalam subtrack achieved a higher
Level 1 F1 (0.9200) than Tamil (0.7840), possibly
reflecting a cleaner visual signal in the Malayalam
memes or a more balanced training distribution
at Level 1. The Tamil Level 2 F1 (0.4885), how-
ever, slightly exceeds the Malayalam Level 2 F1

(0.4256), suggesting that the Tamil training data
provides somewhat stronger supervision for fine-
grained target identification, despite its severe class
imbalance at the minority categories.

The low Level 2 scores across all submit-
ted systems reflect the inherent difficulty of this
sub-problem: distinguishing person-directed from
party-directed political stance in memes requires
the system to recognize political figures and party
symbols from visual content, a capability that com-
pact VLMs with limited fine-tuning data may strug-
gle to acquire reliably. Future work could address
this by incorporating entity recognition or political
knowledge grounding.

6 Conclusion

We presented SYNAPSE, a LoRA-fine-tuned
vision-language system for multi-level political
meme classification in Tamil and Malayalam. By
framing hierarchical classification as structured text
generation from a multimodal input, our system
avoids the complexity of multi-head architectures
while achieving competitive performance. Our sys-
tem ranked 5th on the Malayalam subtrack (Avg-
F1: 0.6728) and 14th on the Tamil subtrack (Avg-
F1: 0.6362).

Comparative experiments showed that direct
LoRA fine-tuning on task data outperforms knowl-
edge distillation from a larger model and chain-
of-thought prompting with translation, highlight-
ing the importance of task-specific adaptation over
general reasoning strategies for this low-resource
multimodal domain.

Code: https://github.com/SURIYA-KP/
Poli-Meme
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Limitations

1. Small training sets: With 803 Tamil and 500
Malayalam training instances, both datasets
are small for multimodal fine-tuning. Minor-
ity classes at Level 2 have very few examples,
directly limiting classification performance on
those categories (Francis et al., 2026).

2. Label space inconsistency across languages:
The Malayalam dataset includes an additional
Intersection class at Level 2, but the Tamil
dataset doesn’t contain this class. Due to this
mismatch in label taxonomies, we had to train
separate models for each language, for the
best performance instead of a unified model
over the combined dataset, limiting its gener-
alization.

3. Visual grounding of political entities: The
system has no explicit mechanism to identify
which political figure or party appears in a
meme’s image. Level 2 predictions rely on the
model’s implicit visual knowledge acquired
during pretraining, which may be inconsistent
for regional political figures less represented
in the pretraining corpus.

4. Resolution constraint: Capping image reso-
lution at 512 x 512 pixels may discard fine-
grained textual content in memes where em-
bedded text is small or dense, which is com-
mon in Tamil political memes.
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