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Abstract

Hateful memes are difficult to detect because
their harmful meaning often emerges from the
interaction between image and text rather than
from either modality alone. This challenge
becomes more severe in multilingual settings,
where memes frequently contain code-mixed
language and culturally grounded references.
Existing Indic hateful meme datasets lack scale,
language coverage, or task diversity, and cur-
rent multimodal methods often overlook cross-
modal semantic divergence. We introduce In-
dicHM, a trilingual hateful meme benchmark
containing over 15,004 manually annotated
image—text pairs in English, Hindi, and Ben-
gali, including code-mixed content, support-
ing both hate detection and target classification.
We also propose IndicHMNet, a disagreement-
centric framework that decomposes represen-
tations into shared agreement and modality-
specific residual subspaces and propagates the
resulting disagreement-aware features through
multimodal fusion and contrastive representa-
tion learning. The proposed framework adap-
tively emphasizes modality-specific semantic
divergence during fusion and optimization, en-
abling improved modeling of complex hateful
meme semantics. Experiments across all lan-
guages and tasks demonstrate consistent gains
over strong multimodal and vision-language
baselines. The code and dataset are avail-
able on https://github.com/Shahid-135/
Indic-Hateful-Meme-Dataset.

Disclaimer. This paper contains discriminatory
and offensive content due to the nature of the task
and dataset. Reader discretion is advised.

1 Introduction

Hateful memes are challenging to moderate be-
cause their harmful intent often emerges from in-
teractions between image and text rather than from
either modality alone (Kiela et al., 2020; Hee et al.,
2023). A seemingly benign image paired with
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(c) Religious Hate (d) Racism Hate

Figure 1: Representative hateful memes from the pro-
posed dataset across four categories (Source: Reddit).

a hateful caption may appear harmless indepen-
dently, yet becomes offensive when interpreted
jointly. This dependence on cross-modal reason-
ing makes hateful meme detection fundamentally
different from conventional text-only hate speech
analysis. The problem becomes even more chal-
lenging in multilingual settings, where online dis-
course frequently involves code-mixed and low-
resource languages (Singh et al., 2024; Hossain
et al., 2022, 2024). Users commonly blend English
with Hindi or Bengali, switch scripts, and employ
culturally grounded references, sarcasm, and visual
metaphors that are difficult to interpret using lexi-
cal features alone. Recent studies further show that
multilingual hateful meme understanding requires
joint reasoning across linguistic, cultural, and vi-
sual contexts (Bui et al., 2025; Kumari et al., 2024).
Figure 1 shows some hateful meme examples.

Existing hateful meme benchmarks have pro-
gressively expanded multimodal hate understand-
ing across diverse linguistic settings. FHM (Kiela
et al., 2020) introduced multimodal hate detection
through benign confounders requiring joint image—
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text reasoning. MUTE (Hossain et al., 2022) and
MIMIC (Singh et al., 2024) later extended the task
to Bengali and Hinglish code-mixed memes, high-
lighting the challenges of multilingual and low-
resource hate expression. CM-Off-Meme (Kumari
et al., 2024), BHM (Hossain et al., 2024), and
Multi®Hate (Bui et al., 2025) further explored mul-
tilingual, code-mixed, and target-aware hate under-
standing. More recently, PrideMM (Shah et al.,
2024) introduced fine-grained annotations for hate,
stance, humor, and target categories. Despite these
advances, existing benchmarks remain limited in
multilingual scale, code-mixed coverage, or dual-
task supervision. In contrast, IndicHM provides
large-scale multilingual hateful meme annotations
across English, Hindi, and Bengali with supervi-
sion for both hateful intent detection (Hate vs Non-
Hate) and target classification. As summarized
in Table 1, no existing benchmark simultaneously
provides large-scale multilingual coverage, code-
mixed data, and dual-task supervision across these
Indic languages.

Beyond dataset limitations, existing multimodal
methods are constrained by how they model modal-
ity interaction. Most approaches rely on concatena-
tion or symmetric fusion (Li et al., 2019; Radford
et al., 2021), implicitly assuming semantic agree-
ment between image and text. However, hateful
memes are often characterized by modality-specific
semantic divergence, where image and text indi-
vidually appear benign but jointly convey harm-
ful intent. Moreover, vision-language embedding
spaces exhibit modality gaps and anisotropic ge-
ometry (Liang et al., 2022), making direct feature
comparison unreliable. Recent studies further show
that disagreement and incongruity signals are in-
formative for sarcasm and offensive meme under-
standing. A principled framework should therefore
explicitly model modality-specific semantic diver-
gence and propagate the resulting signal through
multimodal fusion and representation learning.

In this work, we define cross-modal disagree-
ment as modality-specific residual semantic infor-
mation that cannot be explained within a shared
image-text agreement subspace. Intuitively, hate-
ful memes often contain visual or textual features
whose semantics remain weakly aligned across
modalities, even when each modality appears inde-
pendently benign. Modeling these residual diver-
gences enables the framework to preserve informa-
tive multimodal inconsistencies that are typically
suppressed by agreement-focused fusion strategies.

Dataset Languages Code-Mixed  Size
FHM EN X 10K
MUTE BN v 4.1K
MIMIC HI v 5.0K
Da-Meme TA, ML X 1.7K
HatReD EN X 3.2K
PrideMM EN X 5.1K
BHM BN v 7.5K
Multi®Hate  EN, ES, DE, ZH, HI X 1.5K
IndicHM EN, HI, BN v 15K

Table 1: Comparison of IndicHM with representative
hateful meme datasets.

To address these challenges, we introduce In-
dicHM, a large-scale trilingual hateful meme
benchmark containing over 15K manually an-
notated image—text pairs across English, Hindi,
and Bengali, including code-mixed variants. The
dataset supports both hateful intent detection and
target classification across religion, politics, gen-
der, and race. We further propose IndicHM-
Net, a disagreement-centric multimodal frame-
work that models hateful memes through shared
agreement and modality-specific residual seman-
tics. IndicHMNet decomposes representations
into shared agreement and residual subspaces, and
propagates the resulting disagreement-aware signal
through multimodal fusion, topology-aware con-
trastive learning, and prototype alignment. This
design enables semantically divergent memes to
exert stronger influence during optimization while
preserving modality-specific multimodal cues that
are typically suppressed by conventional fusion
strategies. The main contributions are as follows:

* We introduce IndicHM, a large-scale trilin-
gual hateful meme benchmark containing over
15K manually annotated image—text pairs
across English, Hindi, and Bengali, includ-
ing code-mixed content with supervision for
hateful intent and hate target classification.

* We propose IndicHMNet, a disagreement-
centric framework that decomposes image
and text representations into shared agreement
and modality-specific residual subspaces, and
propagates the resulting disagreement-aware
signal across multimodal fusion, contrastive
learning, and prototype alignment.

* We benchmark IndicHMNet against unimodal,
multimodal, and recent vision-language base-
lines across all languages and tasks and pro-
vide ablation studies demonstrating the effec-
tiveness of disagreement-centric learning.
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2 Related Work

Existing work can broadly be grouped into two
directions: multimodal hateful meme benchmarks
and multilingual code-mixed moderation.

Multimodal Hateful Meme Benchmarks: The
field gained significant attention with the Facebook
Hateful Memes (FHM) benchmark (Kiela et al.,
2020), which introduced benign confounders to en-
courage multimodal reasoning beyond unimodal
learning. Subsequent datasets expanded this direc-
tion toward multilinguality, explainability, and fine-
grained hate analysis, including HatReD (Hee et al.,
2023), Multi®Hate (Bui et al., 2025), MUTE (Hos-
sain et al., 2022), BHM (Hossain et al., 2024), and
MIMIC (Singh et al., 2024). Recent benchmarks
such as CM-Off-Meme (Kumari et al., 2024) and
Memotion 3 (Mishra et al., 2023) further explored
offensiveness, implicit intent, sentiment, and emo-
tion in code-mixed meme settings. More recently,
PrideMM (Shah et al., 2024) extended meme under-
standing beyond binary hate classification through
multi-attribute annotations for hate, target, stance,
and humor in LGBTQ+ Pride-related memes. How-
ever, existing multilingual hateful meme datasets
remain limited in scale, language diversity, or task
coverage. IndicHM addresses these limitations
through a large-scale trilingual benchmark support-
ing both hateful meme detection and hate target
classification.

Multilingual and Code-Mixed Moderation:
Multilingual and code-mixed hate detection re-
mains challenging due to cross-lingual transfer
gaps, implicit semantics, and culturally grounded
expressions (Bui et al., 2025; Mathew et al., 2021;
Pavlopoulos et al., 2021). In South Asian social
media, code-mixing between English and Indic
languages is often accompanied by transliteration,
script switching, and contextual references. Prior
studies also show that multilingual moderation sys-
tems struggle to generalize across culturally di-
verse and low-resource settings, particularly for
implicit and multimodal hate. Benchmarks such
as CM-Off-Meme (Kumari et al., 2024), Memo-
tion 3 (Mishra et al., 2023), MUTE (Hossain et al.,
2022), and MIMIC (Singh et al., 2024) highlight
these challenges in multilingual meme settings.
These findings motivate multilingual multimodal
datasets and architectures capable of modeling cul-
turally grounded meme discourse. Additional re-
lated works are discussed in Appendix A.

3 Indic Hate Meme Dataset

We introduce IndicHM, a large-scale multilingual
benchmark for hateful meme understanding in the
Indian social media ecosystem. IndicHM spans
three major languages, such as English, Hindi, and
Bengali, and contains both monolingual and code-
mixed memes, reflecting realistic communication
patterns commonly observed in Indic online dis-
course. Unlike prior hateful meme datasets that
primarily focus on a single language or limited
linguistic diversity, IndicHM provides a unified
benchmark supporting multilingual evaluation un-
der consistent task definitions. The dataset supports
both hateful meme detection and fine-grained target
classification across diverse sociocultural contexts.

3.1 Dataset Statistics

IndicHM contains 15,004 memes evenly dis-
tributed across English, Hindi, and Bengali. Ta-
ble 2 summarizes the label distributions for both
tasks. For Task 1, the dataset maintains a near-
balanced distribution with 7,504 hateful and 7,500
non-hateful memes. For Task 2, hateful memes
are categorized into five target classes: Religion,
Gender, Politics, Race or Ethnicity, and Other. The
dataset also contains substantial code-mixed and
transliterated content, particularly in Hindi and
Bengali subsets, reflecting real-world multilingual
social media discourse. Extended dataset statistics
are provided in Appendix B.

3.2 Dataset Collection and Filtering

IndicHM was constructed through a multi-stage
collection, filtering, and annotation pipeline de-
signed to obtain diverse and representative memes
while reducing collection and annotation biases.
We initially collected approximately 45,000 pub-
licly available memes from Reddit and Pinterest
using neutral and broadly defined search keywords,
including “Bengali Troll Memes,” “English Troll
Memes,” “Funny Memes,” and “Racist Memes.”
Importantly, the collection process did not target
specific hate categories or individual communities,
thereby reducing the risk of introducing category-
specific sampling bias.

The collected memes were subsequently pro-
cessed through several filtering stages. First, low-
quality, corrupted, irrelevant, and visually unusable
samples were removed. Second, the language and
script of the textual content were verified to ensure
that the samples belonged to the target language

39912



Language Task-1: Binary Task-2: Multiclass (Hate) Total
Hate Non-Hate Gender Religion Political Racism Others
Hindi 2,509 2,500 680 608 560 223 438 5,009
English 2,495 2,500 810 695 409 332 249 4,995
Bengali 2500 2500 500 500 500 500 . 00 5,000
Total 7,504 7,500 1,990 1,803 1,469 1,055 1,187 15,004
Table 2: Dataset statistics for binary hate detection (Task 1) and hate target classification (Task 2).

Category English Hindi Bengali  to ensure consistent interpretation of code-mixed
Hateful Intent 0.82 0.78 0.76 content. Before full-scale annotation, annotators
Religion 08 081 | 0.79  completed a calibration phase using a curated seed
Gender 0.79 0.75 0.74 set of 200 memes containing challenging exam-
Race or Ethnicity 0.81 0.77 0.76 . ..

Political 078 0.79 077 ples such as implicit hate, sarcasm, and culturally
Average 081 o 0.76 contextual references. Disagreements were periodi-

Table 3: Inter-annotator agreement (k).

groups. Near-duplicate and duplicate memes were
then identified and removed to prevent redundant
samples and potential information leakage. Since
conventional OCR systems often perform poorly on
Indic scripts, we further employed human-in-the-
loop transcription to accurately recover meme text,
including transliterated and code-mixed content.
The resulting samples were manually annotated by
native speakers following a calibrated annotation
protocol for reliable hateful/non-hateful classifica-
tion.

Following annotation and quality verification,
we curated the final IndicHM benchmark contain-
ing 15,004 memes. The final dataset was con-
structed to maintain a near-balanced distribution
between hateful and non-hateful samples while pre-
serving proportional representation across the in-
cluded languages and data sources. The overall
dataset construction process can be summarized as:

Raw Collection (~45K) — Quality Filtering — Language

Verification — Near-Duplicate Removal — Human

Transcription — Manual Annotation — Balanced
Sampling — IndicHM (15,004)

This multi-stage procedure ensures that the fi-
nal benchmark contains linguistically diverse, non-
redundant, and manually verified multimodal sam-
ples suitable for evaluating hateful meme detection
in Indic languages. We have also extended the
dataset collection in the Appendix C.

3.3 Annotation Pipeline

The annotation process involved six native speak-
ers, with two annotators assigned per language.
All annotators were additionally fluent in English

cally reviewed with two senior researchers, and an-
notation guidelines were refined iteratively through-
out the process. Each meme was annotated for two
tasks: (i) hateful intent detection and (ii) target clas-
sification. Task 1 consists of binary classification
into hateful and non-hateful content. For memes
identified as hateful, Task 2 assigns the primary
hate target category from Religion, Gender, Race,
Politics, and Other. Detailed annotation guidelines
are provided in the Appendix D

3.4 Inter-Annotator Agreement

We evaluate annotation reliability using Cohen’s
, reported in Table 3. The average agreement
across all languages is k ~ 0.78, indicating sub-
stantial annotation consistency. English achieves
the highest agreement (0.81), followed by Hindi
(0.78) and Bengali (0.76). Agreement is strongest
for Religion-focused hate, where harmful intent
is often expressed explicitly through recognizable
symbols or terminology. In contrast, Gender-based
hate exhibits comparatively lower agreement, par-
ticularly in Bengali, due to its comparatively im-
plicit and context-dependent nature.

4 Methodology

Hateful memes often express harmful intent
through semantic inconsistency between image
and text rather than semantic agreement alone.
To model this behavior, we propose IndicHM-
Net, a disagreement-centric framework consist-
ing of: (i) Cross-Modal Disagreement Projection
(CMDP), (ii) Asymmetric Disagreement-Aware Fu-
sion (ADAF), (iii) Disagreement-Weighted Adap-
tive Topology-aware Contrastive Learning (DW-
ATCL), and (iv) the Hate-Aware Semantic Mem-
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Figure 2: Overall architectural details of IndicHMNet.

ory Bank (HASMB). The detailed architecture is
shown in Figure 2.

4.1 Multimodal Backbone

We use SigLIP2 as a frozen multimodal encoder
to obtain image and text representations. Given an
image—text pair (I, T"), the encoder produces:

t,v = SigLIP2(I,T), t,veRe% (1)
where t and v denote normalized text and image
embeddings, respectively.

4.2 Cross-Modal Disagreement Projection

Vision-language embedding spaces often exhibit
modality gaps and anisotropic geometry (Liang
et al., 2022; Ethayarajh, 2019), making direct cross-
modal alignment unreliable. CMDP addresses this
issue by decomposing multimodal representations
into shared and modality-specific subspaces.

Given normalized embeddings t,v € R%,
CMDP projects them into a latent space of dimen-
sion ds using a shared projector W, and modality-
specific projectors W;- and W;-:

t) = LN(Wqt),
v = LN(W,v),

t, =LN(Wit), (2
v) = LN(W; v), (3)

where (¢, v|) denote shared representations and
(t.1,v)) capture modality-specific residual seman-
tics. Since both modalities share the projector W,,,
the disagreement components are learned relative

to a common latent space, enabling CMDP to cap-
ture modality-specific deviations from shared mul-
timodal semantics. Cross-modal disagreement is
estimated from the disagreement representations:

Lrlltiillz | llvigll
0; = tanh| = ’ + - , 4
whl 5 (T V) ) @

where larger d; values indicate stronger semantic
divergence between modalities. We refer to d; as
the scalar disagreement signal.

To encourage subspace disentanglement, CMDP
applies the following covariance decorrelation ob-
jective:

Lortn = [|[Cov(ty, t1)|[3 + [Cov(vy, vi)|F

+||Cov(ty, v1)|F + [|Cov vy, t1)]I%-
&)
where Cov(-, -) denotes empirical cross-covariance
estimated over a mini-batch. The resulting dis-
agreement score is later used for adaptive con-
trastive weighting and prototype alignment.

4.3 Asymmetric Disagreement-Aware Fusion

The proposed Asymmetric Disagreement-Aware
Fusion (ADAF) module operates on the shared
and modality-specific representations generated by
CMDP. Instead of relying on symmetric aggrega-
tion, ADAF conditions fusion using agreement-
aware modulation, adaptive gating, and multiplica-
tive cross-modal interactions.

Agreement-aware FiLM modulation: Since ¢
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and v lie in the shared latent space, their cosine
similarity estimates semantic agreement:

o = COS(tH,’U”), o = a(a), (6)
where o(-) denotes the sigmoid activation. The
agreement score conditions both modalities
through FiILM modulation (Perez et al., 2018):

[Ve, Be] = du(@),

[71), ﬁv] = @bv(d)’ (N

where ¢ () and ¢, (-) generate modulation param-
eters for both modalities.

Disagreement-aware gating: ADAF constructs
modality-specific contextual representations using
all CMDP components:

e = [t vt v al, ®)
¢y = [yt vt 0] ©)

The fusion process is asymmetric because text and
image streams use independently parameterized
gating functions:
gt = o(LN(W:er)), go = o(LN(Wyey)),
(10)

where the gating vectors adaptively regulate modal-
ity contributions using both agreement and dis-
agreement cues.
Cross-modal interaction modeling: To capture
higher-order interactions, ADAF further introduces
a multiplicative interaction stream:

ze = LN((U)) © (Uyv)), (1)
where ® denotes element-wise multiplication.
Final fused representation: The final multi-
modal representation combines the gated modality
streams with the interaction representation:

z = [th (’)’t@(t” +tJ_)+;6t)§

(12)

gy © ('71) © (UH + 'UJ_) + :611) ;zlxl} .
The fused representation preserves shared seman-
tics, modality-specific cues, and cross-modal inter-
actions for hateful meme classification.

4.4 Projection Head and Classifier

The fused representation z € R3% is projected
through a two-layer MLP:
h = MLP(z),

heRP”, D=512, (13)

where h denotes the shared embedding used for
downstream optimization objectives.
A linear classifier produces prediction logits:

Q = Wch + bc; (14)

where W, and b, are classifier parameters.
The classifier is optimized using label-smoothed
Cross-entropy:

Lop = ZyLS log(g), (15)

where y S denotes the smoothed target distribution
with a smoothing factor 0.05.

4.5 Disagreement-Weighted Adaptive
Topology-aware Contrastive Learning

DW-ATCL extends supervised contrastive learn-
ing using (i) local semantic topology estimation,
(i1) class-adaptive temperature scaling, and (iii)
disagreement-aware sample weighting.

Local semantic topology estimation: Given
normalized embeddings h; € R”, DW-ATCL
estimates local semantic density using nearest-
neighbor similarity structure. For each anchor h;,
the local density is computed as:

> hlhy

JENK (i)

(16)

where Ny (7) denotes the set of k nearest neighbors.
Class-adaptive temperature scaling: Instead of
using a fixed global temperature, DW-ATCL learns
class-specific temperature parameters:

70(c) = exp(67), Blc) = exp(@cﬁ), a7

where 67 and 95 are learnable class-wise parame-
ters. The adaptive temperature for anchor ¢ is:

T = clip(m(yi)exp(—ﬁ(yi)pi), 0.05, 0.5),
(18)
where clip(-) constrains the temperature range for
stable optimization. This formulation sharpens con-
trastive discrimination in dense semantic neigh-
borhoods while avoiding unstable optimization in
sparse regions.
Disagreement-aware weighting: To emphasize
semantically divergent memes, each sample re-
ceives a disagreement-aware weighting coefficient:
w; = 0.5 4 §;,where larger disagreement values
receive stronger contrastive weighting.
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Contrastive objective: Given a learnable global
logit scaling factor s, the final topology-aware con-
trastive objective is:

B/

1
LDW-ATCL = o Z —w; log(pi),
i—1

19)

exp(sh, h /7))

exp (s h;-rhj/n) + ngf exp (s hiTth/Ti>

(20)
Here, h;r denotes a positive neighbor from the
same class, while {hi_n}fj:f are hard negatives
retrieved from different classes. The resulting ob-
jective encourages topology-aware representation
learning by combining local semantic density, adap-
tive temperature scaling, and disagreement-aware
weighting.

4.6 Hate-Aware Semantic Memory Bank

While disagreement-aware contrastive learning
improves local representation structure, hateful
meme understanding also benefits from stable class-
level semantic anchors. To encourage globally
coherent representations, we introduce the Hate-
Aware Semantic Memory Bank (HASMB), which
maintains class-specific prototype memories for
disagreement-aware prototype alignment.

Class-wise memory bank: HASMB maintains
a fixed-capacity memory bank for each class:
M = {Mi,Ms,...,Mc}, where M, =
{mc1,me2,...,mcx} C RP. and C denotes
the number of classes, K the memory capacity per
class, and D the projection dimension. After each
optimization step, normalized embeddings are in-
serted into the corresponding class memory queue.

Prototype estimation: The semantic prototype
for class c is computed as the normalized mean
representation of its memory bank:

1 K
Pe = ?Zkﬂmc,k

-
1 K
| i me

2n

;

The resulting prototypes provide stable class-
level semantic anchors across training iterations.

Disagreement-aware prototype alignment:
Given a projected embedding h; with class label
yi, HASMB encourages alignment with the
corresponding class prototype while emphasizing
disagreement-heavy samples through CMDP

disagreement weighting:

B
1 . 2
Lpull — E 2(05 + 51) th - pyi 9 ) (22)
i=
where
P hi
P

- denotes the normalized embedding representation.

Inter-prototype separation: To encourage se-
mantic separability between hateful meme cate-
gories, HASMB additionally penalizes similarity
between class prototypes:

1
Lpush = m Z cos(pi, Pj)- (23)
i#]
The final prototype alignment objective is:
EHASMB = ﬁpull + )\sepﬁpushv (24)

where A¢e, controls inter-class prototype separa-
tion.

Overall training objective: The final op-
timization objective combines classification,
disagreement-aware contrastive learning, prototype
alignment, and subspace decorrelation:

L = Lce+MLpw-arcL+A2LHASMB +A3Lorth -

(25)
We set \i = Ao = 0.01 and A3 = 0.05 in all
experiments.

5 Experimental Results

5.1 Performance Evaluation

We compare IndicHMNet against multilingual
unimodal models, prompt-based vision-language
models, and recent multimodal hateful meme
detection frameworks. Performance is evaluated
using Accuracy (Acc), Macro Precision (m-Prec),
Macro Recall (m-Rec), and Macro-F1 (m-F1).

Task 1: Hate vs Non-Hate Classification:
Table 4 presents results for binary hateful meme
detection. Multilingual text models outperform
vision-only baselines, highlighting the importance
of textual cues in multilingual memes. How-
ever, unimodal methods remain limited because
hateful intent often emerges from cross-modal
interaction. Prompt-based vision—language models
also perform poorly in zero-shot and few-shot
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Method Task 1 Task 2

Acc m-Prec m-Rec m-F1 Acc m-Prec m-Rec m-F1

Unimodal Models
mBERT (Pires et al., 2019) 76.08 76.19 76.08 76.06 61.08 62.69 59.95 60.83
MuRIL (Khanuja et al., 2021) 77.94 78.15 77.95 7791 62.94 65.66 59.70 60.93
XLM-R (Conneau et al., 2020) 77.48 77.72 77.48 7743 60.42 59.74 58.05 58.15
ViT (Dosovitskiy et al., 2021) 70.68 71.35 70.69 70.45 56.71 54.55 55.23 55.11
ConvNeXt (Liu et al., 2022) 70.42 70.62 70.42 70.35 56.57 54.92 54.68 54.56
Vision—Language Models (Prompt-based)

Gemma-3-4B-IT (0-shot) (Team et al., 2025) 60.40 66.50 60.40 56.37 40.00 48.83 40.00 35.11
Gemma-3-4B-IT (3-shot) (Team et al., 2025) 63.40 63.67 63.40 63.22 45.20 58.87 45.20 39.69
Qwen2.5-VL-7B-Instruct (0-shot) (Qwen et al., 2025) 63.40 63.58 63.40 63.28 38.80 53.25 38.80 36.25
Qwen2.5-VL-7B-Instruct (3-shot) (Qwen et al., 2025) 65.00 72.29 65.00 61.88 46.80 49.15 46.80 42.67
LLaMA-3.2-11B-Vision-Instruct (0-shot) (Grattafiori et al., 2024) 54.60 66.78 54.60 44.53 28.80 43.93 28.80 25.05
LLaMA-3.2-11B-Vision-Instruct (3-shot) (Grattafiori et al., 2024) 58.00 55.80 55.20 54.90 34.80 43.45 34.80 28.74
Multimodal Models
SigLIP (Zhai et al., 2023) 85.21 85.22 85.31 85.21 73.30 72.54 72.88 72.67
RGCL (Mei et al., 2024) 73.75 74.33 73.76 73.60 62.28 61.30 59.59 60.04
MemeCLIP (Shah et al., 2024) 84.08 84.30 84.08 84.05 74.94 74.37 74.09 74.19
MHSDF (Prabhu et al., 2025) 83.74 83.74 83.75 83.74 70.65 69.92 71.08 70.36
TM-MHS (Kapil et al., 2025) 85.07 85.22 85.08 85.06 73.76 73.32 72.97 73.10
RA-HMD (Mei et al., 2025) 78.08 78.08 78.08 78.08 65.07 64.08 65.79 64.74
IndicHMNet 87.87 87.87 87.87 87.87 77.82 77.68 76.77 77.09

Table 4: Performance comparison with state-of-the-art methods on IndicHM. Best results are shown in bold.

Method MUTE Dataset BHM Dataset

Acc m-Prec m-Rec m-F1 Acce m-Prec m-Rec m-F1

Unimodal Models

mBERT (Pires et al., 2019) 61.77 58.44 57.55 57.57 62.58 58.36 56.65 56.33
MuRIL Khanuja et al., 2021 67.54 66.72 60.78 60.17 67.09 64.34 61.99 62.23
XLM-R (Conneau et al., 2020) 65.14 63.19 57.64 56.08 67.83 61.41 57.54 56.65
ViT (Dosovitskiy et al., 2021) 67.54 65.30 63.30 63.60 66.24 63.72 63.36 63.50
ConvN 66.34 64.36 64.36 64.36 63.85 60.79 60.16 60.32

guage Models (Prompt-based)

Gemma-3-4B-IT (0-shot) (Team et al., 2025) 59.25 58.80 59.25 58.99 60.90 61.45 60.90 61.14
Gemma-3-4B-IT (3-shot) (Team et al., 2025) 63.05 62.60 63.05 62.78 61.92 62.21 61.92 62.05
Qwen2.5-VL-7B-Instruct (0-shot) (Qwen et al., 2025) 59.04 57.45 57.61 57.49 58.65 56.03 56.08 56.05
Qwen2.5-VL-7B-Instruct (3-shot) (Qwen et al., 2025) 63.95 61.88 61.24 61.38 62.87 60.80 60.82 60.81
LLaMA-3.2-11B-Vision-Instruct (0-shot) (Grattafiori et al., 2024) 40.96 46.41 47.72 38.34 44.87 50.24 50.21 44.46
LLaMA-3.2-11B-Vision-Instruct (3-shot) (Grattafiori et al., 2024) 46.21 49.46 48.66 43.77 47.23 51.51 52.09 47.71
Multimodal Models =~~~
SigLIP (Zhai et al., 2023) 63.46 63.87 64.67 63.09 64.42 61.56 61.06 61.22
RGCL (Mei et al., 2024) 68.99 67.33 64.11 64.43 66.67 64.00 60.29 60.12
MemeCLIP (Shah et al., 2024) 71.36 69.69 68.83 69.15 69.18 67.25 64.37 64.86
MHSDF (Prabhu et al., 2025) 66.35 64.73 64.53 64.62 67.48 63.03 65.25 63.48
TM-MHS (Kapil et al., 2025) 64.51 64.18 60.26 61.05 67.60 67.53 67.20 67.34
RA-HMD (Mei et al., 2025) 67.31 65.77 66.23 65.92 65.68 62.53 60.41 60.52
IndicHMNef ~~~~ T 73.08 725277 7397 7250 73120 71.68 7245 71.93
Table 5: Performance comparison with state-of-the-art methods on the MUTE and BHM datasets.

Ablation Task 1: Binary-class Task 2: Multi-class

Acc m-Prec m-Rec m-F1 Acc m-Prec m-Rec m-F1
Full Model (All Components) 87.87 87.87 87.87 87.87 77.82 77.68 76.77 77.09
w/o CMDP 85.55 85.54 85.55 85.55 75.43 75.24 74.97 75.06
w/o DW-ATCL 86.34 86.35 86.34 86.34 77.16 77.16 76.49 76.75
w/o HASMB 86.41 86.43 86.41 86.41 74.63 74.88 74.63 74.65
w/o Disagreement-aware Weighting 86.48 86.48 86.48 86.48 76.23 75.81 75.30 75.52
w/o Orthogonality 86.88 86.96 86.88 86.87 76.49 76.01 76.40 76.19
Static Tau (Fixed Temperature) 86.94 87.05 86.94 86.93 76.42 75.81 76.48 76.09
w/o ADAF (Simple Concat) 86.14 86.13 86.14 86.14 75.56 75.26 74.94 74.95

Table 6: Ablation study results for Task 1 and Task 2.

settings, indicating difficulty in handling culturally
grounded and code-mixed hateful content without
task-specific adaptation. Multimodal methods
consistently outperform unimodal baselines,
confirming the importance of joint image—text

reasoning. IndicHMNet achieves the best overall
performance, improving Macro-F1 by 2.81% over
TM-MHS and 4.13% over MHSDEF. The gains
mainly stem from explicitly modeling shared
agreement and modality-specific residual seman-
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tics. CMDP preserves informative residual cues,
ADAF improves disagreement-aware fusion, while
DW-ATCL and HASMB produce discriminative
and semantically structured representations.

Task 2: Hate Target Classification: Task 2 is
more challenging because the model must iden-
tify fine-grained hate targets rather than only de-
tect hateful intent. Consequently, performance de-
creases across all methods compared to Task 1.
IndicHMNet achieves the best performance across
all metrics, improving Macro-F1 by 3.99% over
TM-MHS and 6.73% over MHSDEF. These improve-
ments indicate that disagreement-aware fusion and
representation learning better preserve subtle target-
specific semantics that are often weakened by con-
ventional multimodal aggregation.

5.2 Evaluation on External Benchmarks

Table 5 reports results on the MUTE and BHM
datasets. IndicHMNet consistently outperforms
unimodal, prompt-based, and multimodal baselines
across both benchmarks. On MUTE, IndicHMNet
improves Macro-F1 by 3.35% over MemeCLIP
and 6.58% over RA-HMD. On BHM, it improves
Macro-F1 by 4.59% over TM-MHS and 7.07%
over MemeCLIP. These results demonstrate that
the proposed disagreement-centric framework gen-
eralizes effectively across datasets with different
linguistic and multimodal characteristics.

5.3 Ablation Study

Table 6 reports ablation results for Task 1 and
Task 2. Removing CMDP causes the largest per-
formance drop, highlighting the importance of
disagreement-aware representation decomposition.
Replacing ADAF with simple concatenation also
reduces performance, confirming the effectiveness
of disagreement-aware fusion. Similarly, removing
DW-ATCL, disagreement weighting, adaptive tem-
perature scaling, orthogonality regularization, or
HASMB consistently degrades performance, par-
ticularly for fine-grained hate-target classification.

6 Conclusion

We introduce IndicHM, a large-scale trilingual
hateful meme benchmark containing over 15K man-
ually annotated image—text pairs across English,
Hindi, and Bengali for hateful intent and target
classification. We further propose IndicHMNet, a

disagreement-centric framework that models resid-
ual cross-modal semantics through shared agree-
ment and modality-specific residual subspaces.
The framework integrates disagreement-aware fu-
sion, topology-aware contrastive learning, and pro-
totype alignment within a unified objective. Exper-
iments across languages and tasks show consistent
improvements over strong multimodal and vision—
language baselines, highlighting the importance of
modeling modality-specific semantic divergence
for multilingual meme understanding.

Limitations

Our work has several limitations. First, IndicHM
covers only English, Hindi, and Bengali, leaving
other widely used Indic languages for future exten-
sion. Second, each meme is assigned a single dom-
inant hate target, although real-world content may
involve multiple overlapping targets. Third, the
disagreement score is estimated through residual
semantic projections rather than explicit semantic
reasoning. Finally, the framework does not gener-
ate explicit explanations, limiting interpretability
for culturally implicit or symbolic hateful content.

Ethical Considerations

Data Collection and Privacy

IndicHM contains memes collected from publicly
accessible sources such as Reddit and Pinterest,
following applicable platform policies. It includes
only meme images and embedded text and excludes
personally identifiable information. No attempt
was made to identify or track individuals.

Bias and Annotation

Potential biases may arise from cultural context,
annotation subjectivity, and source selection. To
reduce these, multilingual annotators proficient in
English, Hindi, and Bengali followed standardized
guidelines with multiple review rounds. Broad key-
words were used for collection; however, residual
biases may remain.

Intended Use
IndicHM is intended for academic, non-
commercial research on multimodal hate

detection and multilingual learning, particularly for
low-resource Indic languages. It is not intended for
profiling, surveillance, or harmful applications, and
real-world use should include human oversight.
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A Additional Related Work

We further discuss prior work on multimodal rep-
resentation learning, modality gap mitigation, and
contrastive multimodal reasoning, which form the
technical foundation of the proposed disagreement-
centric framework.

A.1 Multimodal Hate Detection Architectures

Existing multimodal hate detection methods pri-
marily focus on improving cross-modal fusion
and multimodal representation learning. Early
approaches adopted transformer-based vision—
language architectures such as Visual BERT, ViL-
BERT, and OSCAR for joint image—text reasoning.
More recent methods including MemeCLIP (Shah
et al., 2024), RGCL (Mei et al., 2024), RA-
HMD (Mei et al., 2025), TM-MHS (Kapil and
Ekbal, 2025), and MHSDF (Prabhu and Seetha-
lakshmi, 2025) incorporate contrastive learning,
retrieval augmentation, semantic disentanglement,

and target-aware fusion for hateful meme under-
standing. Parallel work in hate speech detection
has also explored explainability and fine-grained
reasoning through benchmarks such as HateX-
plain (Mathew et al., 2021), ToxicSpans (Pavlopou-
los et al., 2021).

A.2 Modality gap and representation
anisotropy

Vision—language representations often exhibit a
persistent modality gap (Liang et al., 2022) and
geometric anisotropy (Ethayarajh, 2019), where
embeddings from different modalities occupy struc-
turally distinct regions of the latent space. Conse-
quently, direct embedding comparisons may con-
flate semantic inconsistency with modality-specific
variation. Several works have explored reduc-
ing this gap through contrastive alignment and
shared latent representation learning. CLIP (Rad-
ford et al., 2021) demonstrates the effectiveness
of large-scale contrastive vision—language pretrain-
ing, while ALIGN (Jia et al., 2021) further im-
proves multimodal alignment using large-scale
noisy image—text pairs. Other studies investi-
gate disentangled multimodal representations by
separating shared and modality-specific informa-
tion. Several studies have explored disentangled
multimodal representations by separating shared
and modality-specific information for cross-modal
learning and multimodal sentiment analysis (Guo
et al., 2019; Yu et al., 2021; Hazarika et al., 2020).
In contrast, the proposed CMDP explicitly models
modality disagreement as a meaningful semantic
signal for hateful meme understanding rather than
solely minimizing modality discrepancy.

A.3 Multimodal fusion and interaction
modeling

A large body of multimodal learning research fo-
cuses on improving cross-modal fusion and in-
teraction modeling. Early transformer-based ap-
proaches such as VisualBERT (Li et al., 2019),
VIiLBERT (Lu et al., 2019), and LXMERT (Tan
and Bansal, 2019) jointly encode visual and tex-
tual representations using cross-modal attention
mechanisms. Subsequent methods explored fea-
ture modulation and bilinear interaction modeling
to improve multimodal reasoning. FiLM (Perez
et al., 2018) introduces feature-wise conditioning
for adaptive representation modulation, while MU-
TAN (Ben-younes et al., 2017) employs bilinear
Tucker decomposition for higher-order multimodal
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interactions. Our ADAF module builds upon these
ideas by combining agreement-aware modulation
with disagreement-conditioned fusion for hateful
meme reasoning.

A.4 Contrastive and topology-aware
representation learning

Contrastive learning has become a dominant
paradigm for multimodal representation learning
and semantic alignment. Supervised Contrastive
Learning (Khosla et al., 2020) demonstrates strong
representation clustering through label-aware con-
trastive objectives, while SimCLR (Chen et al.,
2020) and MoCo (He et al., 2020) establish scalable
contrastive representation learning frameworks.
Recent multimodal hate detection methods also
employ contrastive objectives to improve represen-
tation discrimination. Retrieval-guided contrastive
learning methods such as RGCL (Mei et al., 2024)
leverage semantic retrieval to improve multimodal
hate detection, whereas other studies incorporate
adaptive hard negative mining and semantic regu-
larization. Our DW-ATCL extends this direction
through disagreement-aware sample weighting and
adaptive temperature scaling based on local seman-
tic topology.

B Extended Dataset Statistics

We additionally evaluate our approach on two ex-
isting hateful meme datasets, BHM and MUTE,
alongside the proposed IndicHM dataset. For BHM
and MUTE, experiments are conducted only on
Task 1, while IndicHM supports evaluation on both
hate detection and target classification. BHM and
MUTE contain approximately 7.5K and 4.1K Ben-
gali hateful memes, respectively, including code-
mixed variants.

B.1 Language and Source-wise Sample
Distribution

Table 7 presents the distribution of samples across
languages and data sources. The dataset is approx-
imately balanced across Hindi, English, and Ben-
gali, with nearly 5,000 samples per language. For
each language, memes are collected from both Pin-
terest and Reddit to ensure diversity in linguistic
style, meme composition, and platform-specific
content characteristics.

B.2 Category-wise Sample Distribution

Table 8 presents the distribution of hateful and non-
hateful memes across different data sources. The

Language Pinterest Reddit Total
Hindi 2,867 2,142 5,009
English 2,860 2,135 4,995
Bengali 2,868 2,132 5,000
Total 8,595 6,409 15,004

Table 7: Language and source-wise distribution of sam-
ples in IndicHM.

dataset is carefully balanced, with nearly equal
numbers of hateful and non-hateful samples col-
lected from both Pinterest and Reddit. This bal-
anced distribution helps reduce category bias and
enables more reliable evaluation across classifica-
tion tasks.

Source Hate Non-Hate Total
Pinterest 4,302 4,293 8,595
Reddit 3,202 3,207 6,409
Total 7,504 7,500 15,004

Table 8: Category-wise distribution of hateful and non-
hateful samples across sources.

B.3 Dataset Splits

IndicHM supports two benchmark tasks: (i) hate
vs non-hate classification, and (ii) hate target classi-
fication. For both tasks, the dataset is divided into
training, validation, and test sets using an approx-
imate 80:10:10 split ratio. Splits are constructed
independently for each language to ensure balanced
multilingual evaluation and to avoid cross-lingual
leakage.

B.3.1 Task 1: Hate vs Non-Hate Classification

Task 1 focuses on binary classification, where
each meme is categorized as either hateful or non-
hateful. The task contains a total of 15,004 sam-
ples.

Table 9 presents the overall dataset split used for
Task 1. The training split is used for model opti-
mization, the validation split for hyperparameter
tuning, and the test split for final evaluation.

Split Samples Percentage
Train 12,003 80.00%
Validation 1,500 10.00%
Test 1,501 10.00%

Table 9: Dataset split for Task 1 (Hate vs Non-Hate
Classification).
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Table 10 shows the language-wise distribution
of samples for Task 1. Each language contributes
approximately one-third of the total samples within
every split, ensuring balanced multilingual training
and evaluation.

Split Hindi English

Train 4,007 (33.38%) 3,996 (33.29%) 4,000 (33.33%)
Validation 501 (33.40%) 499 (33.27%) 500 (33.33%)
Test 501 (33.38%) 500 (33.31%) 500 (33.31%)

Bengali

Table 10: Language-wise distribution for Task 1.

B.3.2 Task 2: Hate Target Classification

Task 2 focuses on hate target classification, where
hateful memes are categorized according to their
primary target group. The task contains 7,504 hate-
ful meme samples.

Table 11 presents the dataset split used for Task 2.
Similar to Task 1, an approximate 80:10:10 parti-
tion ratio is maintained across training, validation,
and test sets.

Split Samples Percentage
Train 6,001 79.97%
Validation 750 9.99%
Test 753 10.03%

Table 11: Dataset split for Task 2 (Hate Target Classifi-
cation).

Table 12 presents the language-wise distribu-
tion for Task 2. The dataset maintains balanced
representation across Hindi, English, and Bengali
to support fair multilingual evaluation and reduce
language-specific bias.

Split Hindi English

Train 2,006 (33.43%) 1,995 (33.24%) 2,000 (33.33%)
Validation 251 (33.47%) 249 (33.20%) 250 (33.33%)
Test 252 (33.47%) 251 (33.33%) 250 (33.20%)

Bengali

Table 12: Language-wise distribution for Task 2.

B.4 Code-Mixing and Transliteration
Analysis

Table 13 summarizes the code-mixing characteris-
tics of IndicHM across languages. A substantial
portion of the Hindi and Bengali subsets contains
code-mixed content, reflecting the multilingual
and informal nature of South Asian social media
communication. Hindi exhibits the highest degree

CM

Lang Total - SS TL
Count %0

English 4,995 - - - -

Hindi 5,009 2,055 41.03 582 1,473

Bengali 5,000 1,105 22.10 1,046 59

Total 15,004 3,160 21.06 1,628 1,532

Table 13: Code-mixing statistics across languages in
IndicHM. Here, CM: Code-Mixed, SS: Script-Switched,
TL: Transliterated.

of code-mixing, with 41.03% of memes contain-
ing mixed-language text, while Bengali contains
22.10% code-mixed samples. We further observe
frequent script switching and transliteration, partic-
ularly in Hindi memes where Romanized Hindi is
commonly mixed with English expressions. Ben-
gali memes also exhibit notable script-switching
behavior, although transliterated content is compar-
atively less frequent. Overall, the dataset contains
3,160 code-mixed memes, highlighting the linguis-
tic diversity and noisy multimodal characteristics
of real-world hateful meme discourse.

C Dataset Collection and Preprocessing

IndicHM was collected from publicly accessible
social media platforms, including Reddit and Pin-
terest, where meme-based communication is highly
prevalent. To minimize copyright-related concerns,
we restricted data collection to publicly accessible
pages and community discussion threads. The final
corpus contains approximately 5,000 memes for
each language subset: English, Hindi, and Bengali.

A major challenge during dataset construction
arises from the noisy nature of multilingual meme
text. Existing Optical Character Recognition
(OCR) systems often fail on Indic scripts when
text appears over complex visual backgrounds,
stylized fonts, or low-resolution meme templates.
This issue becomes substantially more severe in
code-mixed and transliterated memes commonly
observed in South Asian social media.

To address these limitations, we adopted a
human-in-the-loop transcription pipeline instead
of relying solely on automated OCR systems. Na-
tive speakers manually transcribed textual content
from every meme while verifying consistency with
the accompanying visual context. For transliterated
Hindi and Bengali memes written in Roman script,
annotators additionally standardized spelling vari-
ations and restored missing or fragmented tokens
caused by image artifacts or partial occlusion. This
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process enabled the construction of a cleaner and
semantically reliable textual representation while
still preserving the linguistic characteristics of real-
world social media discourse.

D Annotation Guidelines

The annotation protocol was designed to capture
both explicit and implicit forms of hateful expres-
sion commonly observed in multimodal meme
communication. Since hateful intent in memes
often emerges through the interaction between tex-
tual and visual cues, annotators were instructed to
evaluate the meme holistically rather than relying
on isolated keywords, symbols, or image content.

D.1 Task Definitions

Each meme was annotated for the following tasks:
Task 1: Hateful Intent Detection: A meme was
labeled as Hateful if it conveyed hostility, demean-
ing rhetoric, exclusionary narratives, or incitement
toward an individual or social group based on
protected characteristics such as religion, gender,
race/ethnicity, or political identity. Memes that
did not express such intent were labeled as Non-
Hateful.

Task 2: Target Classification: For memes iden-
tified as hateful, annotators further assigned the
primary target category from the following classes:
Religion, Gender, Race or Ethnicity, Politics, and
Other.

D.2 Annotation Principles

Annotators were instructed to infer the intended
meaning jointly conveyed by the text and image. In
many cases, hateful intent was expressed indirectly
through sarcasm, irony, coded language, symbolic
imagery, or contextual associations rather than ex-
plicit slurs or abusive terms. Consequently, an-
notations were guided by pragmatic interpretation
instead of surface-level lexical matching.

Political criticism, satire, or ideological disagree-
ment was not automatically considered hateful.
Such memes were labeled as hateful only when
they targeted protected communities or promoted
dehumanizing, exclusionary, or harmful narratives
against identifiable groups. Memes that remained
highly ambiguous or lacked sufficient contextual
evidence to support reliable interpretation were ex-
cluded during dataset construction.

D.3 Annotation Procedure

The annotation team consisted of six native speak-
ers, with two annotators assigned per language. All
annotators were additionally fluent in English, en-
abling consistent interpretation of multilingual and
code-mixed content.

Before full-scale annotation, annotators com-
pleted a calibration phase using a curated seed set
of 200 memes containing difficult and borderline
examples, including: implicit hate speech, sarcasm
and irony, regional slang and coded expressions,
symbolic political references, and transliterated
code-mixed content. Disagreements arising during
calibration were discussed in adjudication meet-
ings supervised by two senior researchers. The an-
notation guidelines were iteratively refined based
on these discussions to improve cross-lingual con-
sistency and reduce subjective interpretation bias.
During the main annotation phase, disagreements
between annotators were resolved through discus-
sion and final adjudication by a senior annotator.

D.4 Handling of Code-Mixed and
Multilingual Content

A substantial portion of Hindi and Bengali memes
contained English code-mixing and Romanized
transliterations (e.g., Hinglish and Benglish). To
improve annotation consistency, annotators normal-
ized common phonetic spelling variations and re-
solved transliterated expressions while preserving
the original semantic intent.

Annotators were additionally instructed to re-
store incomplete, stylized, or visually truncated
words whenever contextual interpretation was suf-
ficiently reliable. For memes where hateful intent
was primarily conveyed through symbolic imagery
or implicit cultural references rather than explicit
textual content, annotators provided short contex-
tual notes to support consistent labeling decisions
across annotators.

E Compared Methods

We compare IndicHMNet against a broad set of uni-
modal, vision—-language, and multimodal baselines
to assess its effectiveness. For text-only models, we
evaluate multilingual encoders, such as, mBERT,
MuRIL, and XLM-R; for vision-only baselines,
we use ViT and ConvNeXt. We further include
large vision-language models such as Gemma-
3-4B-IT, Qwen2.5-VL-7B-Instruct, and LLaMA-
3.2-11B-Vision-Instruct. For supervised unimodal
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and multimodal baselines, encoder features are
fed to a lightweight feedforward classifier to en-
sure fair comparison. We also compare against re-
cent multimodal hate detection methods, including
SigLIP (Zhai et al., 2023), RGCL (Mei et al., 2024),
MHSDF (Prabhu and Seethalakshmi, 2025), TM-
MHS (Kapil and Ekbal, 2025), MemeCLIP (Shah
et al., 2024) and RA-HMD (Mei et al., 2025). All
models are evaluated under identical experimental
settings for consistent comparison across datasets.

F Experimental Setup

Training Details: Models are trained for 50
epochs using the AdamW optimizer with a learn-
ing rate of 1 x 10~ and weight decay of 1 x 1072,
The batch size is set to 16. At the beginning of
each epoch, a FAISS index is constructed over all
normalized training embeddings. During training,
the top-k = 10 nearest neighbors are retrieved for
each anchor.

Implementation Details: All experiments were
conducted on a server equipped with an Intel(R)
Xeon(R) Silver 4316 CPU @ 2.30 GHz and four
NVIDIA A16 GPUs, each with 16 GB of VRAM.
The system was configured with CUDA 12.8 and
NVIDIA driver version 570.133.07. Model training
and evaluation were implemented using PyTorch
with GPU acceleration.

The proposed IndicHMNet contains approximately
380.6M total parameters, of which 5.39M parame-
ters are trainable and 375.2M belong to the frozen
SigL.IP2 backbone encoder. Among the trainable
components, CMDP contains 1.18M parameters,
ADAF contains 3.15M parameters, the projection
MLP contains 1.05M parameters, and the classi-
fier contains 1,026 parameters. Table 14 shows the
hyperparameter details.

G Qualitative and Failure Case Analysis

Figure 3 presents representative qualitative exam-
ples illustrating both correct predictions and failure
cases for hate detection (Task 1) and target clas-
sification (Task 2). Overall, the model performs
reliably when hateful intent is expressed through
explicit visual or textual cues. For instance, memes
containing overt slurs, symbolic imagery, or clearly
aligned visual—textual signals are classified with
high confidence.

Failure cases in Task 1 primarily arise in memes
where hateful intent is conveyed implicitly through
irony, sarcasm, or culturally specific references.

Hyperparameter Value

Model Architecture
Vision-Language Backbone
Embedding / Fused / Hidden Dim

SigLIP2-Base
768 /1,536 /512

Training
Batch Size / Epochs 16 /50
Learning Rate / Weight Decay 1x107%/1x1072
Gradient Clipping / Label Smoothing 1.0/0.05
Dropout 0.1
S Arer
Base Temperature (Thase) / 3 0.07/2.0
Neighbors (k) / Hard Negatives 10/5
"""""""""""""""""""" HASMB
Memory Bank Size / Momentum 1,024 /0.99
Al X2l Az 0.01/0.01/0.5
Optimizer AdamW

Table 14: Hyperparameter settings for IndicHMNet
framework.

In such examples, the image and text may ap-
pear benign in isolation, with hate emerging only
from subtle cross-modal interaction. Although
disagreement-aware fusion improves robustness in
many such cases, the model occasionally underes-
timates implicit hostility, leading to false negatives.
For Task 2, most errors occur between semanti-
cally related target categories, such as religion and
politics, or gender and broader social stereotypes.
These misclassifications reflect the inherent ambi-
guity of real-world memes, where a single meme
may simultaneously reference multiple social iden-
tities or ideological contexts. Since our formulation
assumes a single dominant target, such overlapping
cases remain challenging.

Overall, the qualitative analysis highlights both
the strengths and limitations of the proposed ap-
proach. While explicit modeling of cross-modal
disagreement and retrieval-guided contrastive learn-
ing improves interpretability and robustness, accu-
rately resolving implicit, multi-target, and cultur-
ally grounded hate remains an open challenge.

H Language-wise Analysis

Tables 15 and 17 present language-wise Task 1 hate
detection results for pretrained unimodal baselines,
while Table 16 reports IndicHMNet performance
across both Task 1 and Task 2. The analysis reveals
substantial variation across languages, highlight-
ing the challenges of multilingual and culturally
grounded hateful meme understanding.

English memes are comparatively more difficult
for unimodal models, particularly for multilingual
text encoders such as MuRIL, mBERT, and XLLM-
R. This suggests that English memes in IndicHM
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Don't mind me,
I'm just returning your
nose. | found it in my
business again.

(a) Actual: Non-Hate
Pred: Non-Hate, Prob: 0.945

(d) Actual: Gender
Pred: Gender, Prob: 0.821

g G9ibeaas daalie
A 2SS AT &

>3

ai\%a?‘:lv oo IS =™
AT a1 =0

(b) Actual: Hate
Pred: Hate, Prob: 0.994

The Root @ @TheRoot

3 black men were hit by a truck & are being
fined for not wearing reflective clothing, while
the driver walks free: trib.al/LLANvYc

A.J ’J; 2

(e) Actual: Racism
Pred: Racism, Prob: 0.996

- \
B y S
Baby ghar aao na. aaj ghar pe koi nhi hai
- - ’ -

(c) Actual: Hate
Pred: Non-Hate, Prob: 0.752

(f) Actual: Religion
Pred: Political, Prob: 0.753

Figure 3: Qualitative examples illustrating model predictions for Task 1 (top row: hate detection) and Task 2 (bottom
row: target classification). Each example reports the ground-truth label, predicted label, and model confidence.
Errors primarily occur in cases involving implicit hate or overlapping target categories.

Model English Hindi
Acc m-Prec m-Rec m-F1 Acc m-Prec m-Rec m-F1
MuRIL 64.00 64.09 64.00 63.94 88.80 88.84 88.80 88.80
XLM-R 65.00 65.01 65.00 65.00 88.40 88.82 88.40 88.37
mBERT 64.20 64.24 64.20 64.18 88.20 88.23 88.20 88.20
ViT 65.80 65.81 65.80 65.80 90.20 90.21 90.20 90.20
ConvNeXt 64.60 64.60 64.60 64.60 90.00 90.13 90.00 89.99

Table 15: Analysis of English and Hindi Language on Task 1.

Task 1 Task 2
Language Acc m-Prec m-Rec m-F1 Acc m-Prec m-Rec m-F1
English 82.28 81.26 81.25 81.25 86.82 86.55 82.56 85.15
Hindi 92.53 92.53 92.54 92.53 77.85 79.71 71.96 74.53
Bengali 92.08 92.07 92.08 92.08 74.95 74.86 74.95 74.72

Table 16: Language-wise performance on Task 1 and Task 2.
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Figure 6: Analysis of Bengali on Task 2

Model Bengali

Acc m-Prec m-Rec m-F1
MuRIL 84.60 84.69 84.60 84.59
XLM-R 86.20 87.01 86.20 86.12
mBERT 88.20 88.42 88.20 88.18
ViT 87.80 88.12 87.80 87.77
ConvNeXt 90.40 90.42 90.44 90.28

Table 17: Analysis of Bengali Language on Task 1.

often rely on implicit semantics, sarcasm, and mul-
timodal contextual cues that are difficult to capture
from text alone. Unlike Hindi and Bengali, En-
glish memes frequently contain weaker lexical hate
markers and stronger image—text incongruity, re-
quiring deeper cross-modal contextual reasoning
for correct interpretation. Vision-only encoders
perform slightly better, indicating that visual se-
mantics contribute more strongly in English hateful
memes.

In contrast, Hindi and Bengali subsets achieve con-
sistently higher Task 1 performance across both
text and vision baselines, suggesting the presence
of comparatively stronger lexical or visual hate in-
dicators. Vision-based encoders, particularly Con-
vNeXt, achieve the strongest performance on Ben-
gali memes, underscoring the importance of visual
context in multilingual hateful meme understand-
ing.

Table 16 further demonstrates that IndicHMNet
generalizes effectively across all languages and
tasks. Hindi and Bengali achieve the strongest
Task 1 performance, whereas Task 2 remains con-
siderably more challenging due to fine-grained hate
target classification. The noticeable performance
drop from Task 1 to Task 2 across all languages
highlights the difficulty of modeling subtle target-
specific semantics, especially in code-mixed and
culturally contextual memes. Additional Task 2
language-wise trends are illustrated in Figures 4, 5,
and 6.

Also, to ensure fair multilingual comparison, the
same training configuration and hyperparameters
were used across all languages, including learn-
ing rate, batch size, optimizer, and training sched-
ule. This design isolates architectural effectiveness
from language-specific hyperparameter tuning ef-
fects.

I Baseline Training Protocol

To ensure a fair comparison across different modal-
ities and architectures, we adopt a consistent train-
ing protocol for all supervised baselines. For the
unimodal language baselines, including mBERT,
MuRIL, and XLLM-R, the pretrained encoders are
kept frozen, and only a lightweight MLP classifier
is trained for the downstream classification task.
Similarly, for the visual baselines, such as ViT,
ConvNeXt, and SigLIP, the pretrained visual en-
coders remain frozen throughout training, while
only the corresponding MLP classification head is
optimized. Thus, the pretrained representations are
kept fixed and the number of trainable parameters
is restricted to the task-specific classifier.

For IndicHMNet, the pretrained Sigl.IP2 back-
bone is also kept frozen. Only the task-
specific components, such as the projection lay-
ers, disagreement-aware fusion module, contrastive
learning components, and classification heads, are
optimized during training. This consistent proto-
col isolates the contribution of the proposed multi-
modal learning framework and avoids performance
differences arising from unequal backbone fine-
tuning.

J Diagnostic Evaluation and Annotation
Limitations

J.1 Single-Dominant Target Annotation

Hateful memes can target multiple groups simulta-
neously, making target annotation inherently chal-
lenging. In the current IndicHM benchmark, each
hateful meme is assigned a single dominant tar-
get to provide a well-defined and consistent target
classification setting. Thus, the target annotation
represents the primary target identified by the an-
notators rather than all potentially affected groups.
This design is also consistent with several exist-
ing hateful meme benchmarks, such as Facebook
Hateful Memes, MUTE, MIMIC, and BHM, which
adopt single-label target annotations.

While this formulation provides a controlled
evaluation setting, it does not fully capture the
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multi-target nature of real-world hateful content.
In particular, a meme may simultaneously involve
related categories such as religion and politics or
gender and social stereotypes. Extending IndicHM
with multi-label target annotations would, there-
fore, provide a more realistic formulation of target
classification and is an important direction for fu-
ture work.

J.2 Diagnostic Evaluation across Linguistic
Conditions

To further assess model robustness beyond the over-
all language-wise evaluation, we perform a fine-
grained analysis under different linguistic condi-
tions. Specifically, we divide the test samples into
non-code-mixed and code-mixed subsets and sep-
arately evaluate script-switched and transliterated
samples. This analysis is particularly relevant for
Indic memes, where language mixing, script vari-
ation, and transliteration are common and can in-
troduce additional challenges for multimodal hate
detection.

Model Hindi Bengali
Non-CM CM Non-CM CM
TM-MHS 83.48 77.74 94.95 93.98
SigLIP2 85.78 82.49 94.71 92.96
MemeCLIP 82.51 80.64 92.68 90.02
IndicHMNet 86.11 84.74 96.71 95.03

Table 18: Macro-F1 (%) comparison on non-code-
mixed and code-mixed samples for Task 1. Here, CM =
Code-Mixed, Non-CM = Non-Code-Mixed.

Task 1: Code-Mixed vs. Non-Code-Mixed Sam-
ples: Table 18 reports Macro-F1 scores for bi-
nary hate classification (Task 1) on code-mixed
and non-code-mixed samples. IndicHMNet con-
sistently achieves the highest performance across
both Hindi and Bengali subsets. For Hindi, In-
dicHMNet obtains 86.11% and 84.74% Macro-F1
on non-code-mixed and code-mixed samples, re-
spectively, while for Bengali it achieves 96.71%
and 95.03%. Although code-mixing leads to a per-
formance reduction for all models, IndicHMNet
maintains a comparatively strong performance un-
der mixed-language conditions.

Task 1: Script-Switched and Transliterated
Samples: We further evaluate Task 1 on script-
switched and transliterated samples, as reported in
Table 19. IndicHMNet obtains the highest Macro-
F1 on Hindi script-switched and transliterated sam-

ples, with scores of 86.94% and 84.09%, respec-
tively. For Bengali, IndicHMNet achieves 96.89%
on script-switched samples and 88.85% on translit-
erated samples. These results demonstrate that the
proposed model remains effective when textual con-
tent deviates from its standard script representation.

Model Hindi Bengali

SS Trans SS Trans
TM-MHS 76.55 74.00 95.77 80.00
SigL.IP2 82.91 80.70 95.73 82.84
MemeCLIP 82.97 79.64 98.96 82.86
IndicHMNet 86.94 84.09 96.89 88.85

Table 19: Macro-F1 (%) comparison on script-switched
and transliterated samples for Task 1 (binary hate clas-
sification). Here, SS = Script-Switched and Trans =
Transliterated.

Task 2: Code-Mixed vs. Non-Code-Mixed Sam-
ples: We next analyze the more challenging hate
target classification task (Task 2). As shown in
Table 20, IndicHMNet achieves the highest Macro-
F1 across both code-mixed and non-code-mixed
subsets for Hindi and Bengali. IndicHMNet ob-
tains 73.10% and 68.90% Macro-F1 on Hindi non-
code-mixed and code-mixed samples, respectively,
while achieving 74.54% and 67.49% on the corre-
sponding Bengali subsets. The results indicate that
the proposed model provides more consistent tar-
get classification under mixed-language conditions
compared with the evaluated baselines.

Model Hindi Bengali
Non-CM CM Non-CM CM
TM-MHS 71.48 62.03 72.55 63.21
SigLIP2 67.53 63.93 69.44 64.90
MemeCLIP 71.83 56.76 62.59 45.16
IndicHMNet 73.10 68.90 74.54 67.49

Table 20: Macro-F1 (%) comparison on non-code-
mixed and code-mixed samples for Task 2 (hate target
classification). Here, Non-CM = Non-Code-Mixed; CM
= Code-Mixed.

Task 2: Script-Switched and Transliterated
Samples: Finally, we evaluate target classifica-
tion under script-switched and transliterated con-
ditions. Table 21 shows that IndicHMNet consis-
tently achieves the highest Macro-F1 across all
four linguistic conditions. It obtains 64.24% and
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64.57% on Hindi script-switched and transliterated
samples, respectively, and 69.29% and 69.33% on
the corresponding Bengali subsets. The consistent
performance across these conditions suggests that
combining visual and textual information helps mit-
igate the challenges introduced by script variation
and transliteration.

Model Hindi Bengali

SS Trans SS Trans
TM-MHS 60.64 45.67 64.20 60.52
SigLIP2 46.06 57.05 66.25 66.27
MemeCLIP 53.37 46.35 47.82 42.26
IndicHMNet 64.24 64.57 69.29 69.33

Table 21: Macro-F1 (%) comparison on script-switched
and transliterated samples for Task 2. Here, SS = Script-
Switched, Trans= Transliterated.

K Class-wise and Language-wise
Performance Analysis

To provide a detailed evaluation of IndicHMNet,
we analyze its class-wise performance for both
tasks and further report language-wise results for
English, Hindi, and Bengali.

K.1 Overall Class-wise Performance

For Task 1, which performs binary hate detec-
tion, IndicHMNet achieves an overall accuracy
and Macro-F1 of 87.87%. The model obtains an
F1-score of 87.87% for the Non-Hate class and
87.88% for the Hate class, indicating highly bal-
anced performance between the two classes. The
corresponding precision and recall values are also
closely matched, as shown in Table 22.

Class Prec Rec F1

Non-Hate 87.87 87.87 87.87
Hate 87.88 87.88 87.88
Macro Avg. 87.87 87.87 87.87
Acc 87.87

Table 22: Class-wise performance (%) of IndicHMNet
on Task 1.

For Task 2, which classifies hateful memes into
five target categories, IndicHMNet achieves an
accuracy of 77.82% and a Macro-F1 of 77.09%.
The highest F1-score is obtained for the Racism
category (83.02%), followed by Gender Based
(82.01%), Religion (79.01%), Political (75.68%),

Class Prec Rec F1

Gender Based 78.44 85.93 82.01
Others 72.00 60.50 65.75
Political 75.17 76.19 75.68
Racism 83.81 82.24 83.02
Religion 79.01 79.01 79.01
Macro Avg. 77.68 76.77 77.09
Acc 77.82

Table 23: Class-wise performance (%) of IndicHMNet
on Task 2.

and Others (65.75%). The relatively lower perfor-
mance on the Others category suggests that this
class is more difficult to distinguish from the re-
maining target categories. The results are shown in
Table 23.

K.2 Language-wise Performance:

We further evaluate IndicHMNet separately on
English, Hindi, and Bengali samples to exam-
ine whether model performance varies across lan-
guages. For Task 1, Bengali achieves the highest
performance, with an accuracy and Macro-F1 of
96.40%. Hindi follows with 87.23% accuracy and
87.22% Macro-F1, while English obtains 80.00%
accuracy and 79.98% Macro-F1. The results are
shown in Table 24.

Language Class Prec Rec F1
Non-Hateful 81.78 77.20 79.42
Enslish Hateful 78.41 82.80 80.54
& Macro Avg. 80.09 80.00 79.98
Acc 80.00
Non-Hateful 85.77 89.20 87.45
Hindi Hateful 88.80 85.26 86.99
Macro Avg. 87.28 87.23 87.22
Acc 87.23
Non-Hateful 95.67 97.20 96.43
Bengali Hateful 97.15 95.60 96.37
g Macro Avg. 96.41 96.40 96.40
Acc 96.40

Table 24: Language-wise class-wise performance (%)
of IndicHMNet on Task 1.

For Task 2, English obtains the highest language-
wise performance with 85.66% accuracy and
81.20% Macro-F1. Hindi achieves 76.19% accu-
racy and 75.51% Macro-F1, whereas Bengali ob-
tains 71.60% accuracy and 71.20% Macro-F1. The
results indicate that target classification is more
challenging than binary hate detection, with greater
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Language Class Prec Rec F1
Gender Based 83.15 91.36 87.06
Others 66.67 48.00 55.81
Political 90.00 87.80 88.89
English Racism 81.82 79.41 80.60
Religion 92.96 94.29 93.62
Macro Avg. 82.92 80.17 81.20
Acc 85.66
Gender Based 77.33 85.29 81.12
Others 80.00 63.64 70.89
Political 72.22 69.64 70.91
Hindi Racism 84.21 69.57 76.19
Religion 73.91 83.61 78.46
Macro Avg. 77.54 74.35 75.51
Acc 76.19
Gender Based 72.22 78.00 75.00
Others 68.09 64.00 65.98
Political 67.27 74.00 70.48
Bengali Racism 84.91 90.00 87.38
Religion 63.41 52.00 57.14
Macro Avg. 71.18 71.60 71.20
Acc 71.60

Table 25: Language-wise class-wise performance (%)
of IndicHMNet on Task 2.

variation across languages. The results are shown
in Table 25.

The language-wise results reveal distinct dif-
ferences between binary hate detection and tar-
get classification. Bengali performs particularly
strongly on Task 1, with Fl-scores above 96%
for both classes. In contrast, its Task 2 perfor-
mance is lower, particularly for the Religion cate-
gory (57.14% F1), indicating increased difficulty
in identifying the specific target of hateful content.
English achieves comparatively strong target clas-
sification, particularly for Religion (93.62%) and
Political (88.89%), while the Others category re-
mains challenging across languages. Hindi shows a
more balanced distribution across target categories,
although Political and Others remain relatively dif-
ficult.

Overall, these results demonstrate that binary
hate detection is comparatively stable across lan-
guages, whereas fine-grained target classification is
more sensitive to language and target category. The
class-wise analysis therefore provides additional
evidence that the main challenge in Indic hateful
meme understanding lies not only in identifying
whether a meme is hateful, but also in determining
the specific target of the hateful content.

L Dataset Duplication Analysis

To further evaluate dataset independence, we con-
ducted an explicit duplication analysis between
IndicHM and existing multilingual hateful meme
benchmarks, particularly BHM. Since both datasets
partially originate from overlapping social-media
ecosystems, we examined potential redundancy at
both the visual and textual levels.

Image-level overlap detection: We first identi-
fied visually similar memes using perceptual hash-
ing (pHash) combined with FAISS-based nearest-
neighbor retrieval. For each meme image I;, we
computed a perceptual hash representation:

where ¢(-) denotes the perceptual hashing oper-
ator. Each image hash was converted into a binary
embedding vector and indexed using FAISS for
efficient large-scale retrieval.

Given two images [; and [;, visual similarity
was measured using the Hamming-distance approx-
imation over the binary pHash vectors:

(26)

Dimg(i,7) = [Ihi = hylly ,

where || - ||o denotes the number of differing hash
bits. Two memes were considered near-duplicates
if

(27)

Dimg(iaj) < Timg; (28)

where 7,z denotes a conservative image-
similarity threshold.

Text-level overlap detection: To detect textual
redundancy, we extracted OCR-normalized meme
text and encoded each sample using SentenceTrans-
former embeddings:

z; = frext (i), (29)

where t; denotes the OCR text associated with
meme 4, and fiext(-) represents the pretrained
all-mpnet-base-v2 encoder.

All textual embeddings were fo-normalized and
indexed using FAISS inner-product search. Simi-
larity between two textual samples was computed
using cosine similarity:

T
.. Z, Z;
Stext(zaj) = L d

S M M (30)
[EA AP
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Two textual samples were treated as near-
duplicates when

Stext (1, 7) > Trext, (31)

where Tiext denotes a strict similarity threshold.

Results and discussion: Using these comple-
mentary duplicate-detection strategies, we ob-
served approximately 1.85% image-level overlap
and 1.23% text-level overlap between IndicHM and
BHM. These findings indicate that the datasets re-
main largely distinct despite partially overlapping
source platforms.

The limited overlap is expected because BHM
focuses exclusively on Bengali hateful memes,
whereas IndicHM spans English, Hindi, and Ben-
gali with substantially different collection key-
words, communities, and annotation procedures.
To ensure complete dataset independence, all de-
tected overlapping samples will be removed before
the final public release.
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