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Abstract

Memes have become ubiquitous on social media platforms blending text and imagery to express complex and
culturally nuanced messages. While a high degree of automation in meme moderation has been achieved for
high-resource languages, low-resource languages, such as Nepali, still remain largely neglected. In this paper,
we describe our system submission to the CHiIPSAL 2026 Shared Task on Multi-modal Hate and Sentiment
Understanding in Low-Resource Nepali Memes, which features two main sub-tasks: (1) Detection of Hate
Speech as binary classification and (2) Sentiment Analysis as multi-class classification in Nepali memes. We
perform a comprehensive analysis of the following models: uni-modal textual models (MBERT, XLM-RoBERTa,
MuRIL), uni-modal visual models (ResNet, ConvNeXt, ViT), nine different early-fusion multimodal models, and the
vision-language foundation model, SigLIP. Among all models, the ViT model achieved the best macro F1-score
(0.6278) for the hate speech detection task, while SigLIP achieved the best score (0.5481) for the sentiment analysis
task. We hypothesize that the under-performance of fusion models may be attributed to OCR noise and inadequate
low-resource textual representations that act as a bottleneck when paired with more advanced visual encoders.
These results highlight the unique challenges of multimodal meme comprehension in low-resource contexts and
underscores the requirement for culturally grounded, noise-robust approaches to content moderation in Nepali.

Keywords: Nepali memes, Hate Speech Detection, Sentiment Analysis, Multi-modal Learning, Low-Resource NLP

1. Introduction served and under-explored (Thapa et al., 2025a).
The lack of sufficient data and pre-trained mod-
els to support robust multi-modal understanding
in under-resourced languages is a pressing need.
Thus, research that organically focuses on such
languages is essential for equitable and worldwide
content moderation.

The Shared Task (Thapa et al., 2026) on Multi-
modal Hate and Sentiment Understanding in Low-
Resource Memes at CHiPSAL 2026 (Sarveswaran
et al., 2026) provides a benchmark for addressing
this problem specifically in Nepali. The task uses a
dataset curated from (Thapa et al., 2025a) and con-
tains Nepali-only memes annotated for hate speech
and sentiment, and challenges participants to de-
velop capable systems for binary hate detection
and three-class sentiment classification (negative,

There are numerous social networks that have sig-
nificantly changed the way varying sentiments, hu-
mor, and opinions are disseminated. With memes
becoming one of the most popular formats for in-
formation exchange in contemporary society, the
dynamics of social discourse have also become
more multifaceted. Unlike traditional approaches
that use text for expression, memes combine tex-
tual and visual media to convey nuanced meaning,
often relying on subtle cultural contexts (Kiela et al.,
2020a). Although many memes are humorous or
benign, a significant subset tends to skew towards
hate speech or invoke sentiment that may influence
social attitudes. Automatic identification of harmful
or sentiment-laden memes is a growing area of

research within natural language processing (NLP)
and computer vision.

Detecting hate speech and classifying sentiment
in memes is particularly tedious and challenging
due to multi-modal interactions as neither text nor
image alone captures the full meaning(Parihar et al.,
2021). Most of the existing work on ML and lan-
guage processing is specifically limited to high-
resource languages such as English, while low-
resource languages such as Nepali remain under-

neutral, positive).

2. Related Works

Although substantial work has been done on hate
speech and sentiment analysis in English, non-
English languages particularly low resource ones
have remained largely underrepresented in litera-
ture. We therefore focus on extensions into the
Nepali language, as limited work has been done in
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hate speech detection and sentiment analysis.

In their work, (Kiela et al., 2020a) introduce the
Hateful Memes Challenge, a large-scale bench-
mark of multimodal memes. The paper shows that
text-only models marginally outperform vision-only
models. They observe that the more advanced
the fusion, the better the model performs. The pa-
per suggests that early fusion models (MMBT, VilL-
BERT and Visual BERT) broadly outperform middle
(Concat) and late fusion approaches with VILBERT
CC giving the highest accuracy of 66.10 among
all the methods. (Bhandari et al., 2023) introduce
CrisisHateMM, a multimodal dataset of over 4,700
text-embedded images collected from the Russia-
Ukraine conflict and annotated for directed and
undirected hate speech using a CLIP-based mul-
timodal fusion architecture. Their best-performing
model achieves F1-scores of 0.786, 0.609, and
0.615 for hate speech, its direction and targets
respectively, demonstrating that combining visual
and textual modalities significantly outperforms text-
only and image-only baselines.

(Chakravarthi et al., 2020, 2021) address the
lack of resources for Dravidian languages by con-
structing an annotated corpus of 15,744 sentences
and organizing shared tasks on sentiment analysis
and offensive language detection for code-mixed
social media text. They released datasets compris-
ing 43,919 Tamil, 20,010 Malayalam, and 7,772
Kannada comments collected from YouTube. The
highest-performing system used an ensemble of
transformer models selected via a genetic algo-
rithm, achieving weighted F1-scores of 0.78 for
Tamil, 0.97 for Malayalam, and 0.75 for Kannada
through task-adaptive pretraining of mBERT and
XLM-RoBERTa (Sitaula et al., 2021).

(Sitaula et al., 2021) presented one of the first
large-scale benchmarks for Nepali social media
sentiment analysis, focusing on 33,247 COVID-19-
related tweets. Their experiments with deep learn-
ing models, including CNNs, yielded a best overall
classification accuracy of 68.7

(Thapa et al., 2023) introduced NEHATE, a man-
ually annotated dataset of 13,505 Nepali tweets
for hate speech and target identification in local
election discourse. Using multilingual BERT vari-
ants, NepBERTa achieved the best performance
with macro F1-scores of 0.68 for hate speech de-
tection and 0.60 for target identification, establish-
ing NEHATE as one of the first large-scale hate
speech resources for Nepali. (Thapa et al., 2025a)
propose a multi-modal prompt-based framework
evaluated on low resource Nepali and code-mixed
Nepali meme datasets. By using their proposed
MemeNePAL model, they achieved an F1-score
of 0.5301 and 0.6331 across sentiment analysis
and hate detection respectively, higher compared
to other text-only, vision-only and multi-modal mod-

els. The paper also introduces NeMeme, the first
Nepali meme dataset annotated for hate speech
and sentiment analysis. (Thapa et al., 2025b)
present a cross-platform retrieval-augmented dis-
tillation approach for 4,211 code-switched memes
in the Nepali-English language classified for sen-
timent and hate speech. They propose MM-RAD
model for code switched context achieving an F1-
score of 43.24 in sentiment analysis and 64.96 in
hate speech detection.

Building on the dataset published in (Thapa et al.,
2025a), the shared task (Thapa et al., 2026) at
CHiPSAL@LREC 2026 (Sarveswaran et al., 2026)
extends the challenge to the community. They in-
vite methods for multi-modal hate and sentiment
understanding on low-resource Nepali memes serv-
ing as the basis for this paper.

3. Dataset and Task

This work is part of the Shared Task on Multi-
modal Hate and Sentiment Understanding in Low-
Resource Memes (Thapa et al., 2026) at CHiPSAL
2026 (Sarveswaran et al., 2026). The shared task
consists of two different subtasks: Subtask A aims
to detect hate speech via binary classification into
hate and non-hate while Subtask B is associated
with the three way classification of sentiment into
positive, negative and neutral classes. The shared
task is hosted on Codabench and a dataset for this
task has already been published in ICWSM 2025
(Thapa et al., 2025a) as a part of NeMeme. The
dataset contains memes collected from social me-
dia platforms, and textual content embedded within
meme images is extracted using EasyOCR with
Nepali language support. However, EasyOCR’s
performance on informal, colloquial Devanagari
script as commonly found in internet memes is
known to be inconsistent, often introducing tran-
scription noise that can degrade downstream tex-
tual representations. Table 1 summarizes the dis-
tribution between all splits for the shared task.

The relatively small training set of approximately
1,000 samples per subtask poses a particular
challenge for multimodal fusion models, which in-
troduce significantly more parameters than their
unimodal counterparts. Learning effective cross-
modal alignment under such data constraints in-
creases the risk of overfitting, which may partially
explain the comparatively weaker performance of
explicit fusion architectures observed in our experi-
ments.

3.1. Subtask A: Hate Speech Detection

Subtask A requires binary classification of Nepali-
only memes into hate and non-hate categories.
The training set comprises 1,068 memes, of which
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Subtask Label Train Val Test
A Hate 348 35 -
(Hate Non-Hate 720 98 -
Detection) Total 1,068 133 134
B Negative 341 39 -
(Sentiment Neutral 473 65 -
Analysis) Positive 247 29 -
y Total 1,061 133 133
Total 2,129 266 267

Table 1: Distribution across train, validation, and
test splits for Subtask A (Hate Detection) and Sub-
task B (Sentiment Analysis) of the CHiPSAL 2026
shared task (Thapa et al., 2026). Test set class-
level labels were withheld by the shared task orga-
nizers; only the total instance count is available.

720 are Non-Hate(labeled as 0) and 348 are
Hate(labeled as 1). The validation set consists
of 133 memes with 98 Non-Hate and 35 Hate in-
stances. The test set, on the other hand, contains
134 unlabeled memes for the final evaluation. Fig-
ure 1 gives an idea of the instances in the Hate
Detection subtask.
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(a) Hate (b) Non-Hate

Figure 1: Examples of Nepali memes from the
shared task (Thapa et al., 2026) for Subtask A (Hate
Speech Detection).

3.2. Subtask B: Sentiment Analysis

Subtask B requires a multi-class sentiment classifi-
cation of Nepali-only memes into Negative(labeled
as 0), Neutral(labeled as 1), and Positive(labeled
as 2) categories. The training set contains 1,061
memes with 341 negative, 473 neutral and 247
positive text embedded images. The validation set
consists of 133 memes with 39 negative, 65 neutral,
and 29 positive instances. The test set contains
133 unlabeled memes for the final evaluation. Fig-
ure 2 gives an idea of the instances in the Sentiment
Analysis subtask.

(c) Positive

Figure 2: Examples of Nepali memes from the
shared task (Thapa et al., 2026) for Subtask B (Sen-
timent Analysis).

4. Methodology

We developed a comprehensive experimental
framework to process the raw dataset and establish
robust unimodal baselines. Using these baselines,
we evaluated two multimodal paradigms: an ex-
haustive grid of nine early-fusion architectures and
a pre-aligned vision-language foundation model.

4.1.

The EasyOCR framework, configured with Devana-
gari and English language support, was utilized to
extract text from the meme images. To evaluate
the models under realistic, "in-the-wild" moderation
conditions, we applied EasyOCR directly to the raw
images without explicit image-level text preprocess-
ing (such as binarization, deskewing, or contrast
adjustment). While this preserves the original struc-
ture of the memes, the highly variable nature of
meme typography (e.g., erratic stroke widths, dy-
namic colors, and chaotic backgrounds) introduces
an inherent baseline of OCR noise. The raw strings
resulting from this extraction were then passed di-
rectly to our subword tokenizers to accommodate
unknown vocabulary items and local slang.

We built a stochastic enhancement pipeline for
our visual modality through the application of the
albumentations library (Buslaev et al., 2020), which
enabled our encoders to acquire strong semantic
characteristics that protected it from learning spe-
cific patterns of internet memes. The images were
resized and scaled to 224 x 224 pixels. The model
was trained using the following data augmentation
pipeline:

Textual & Visual Prepossessing

+ Web Degradation: We simulate the character-
istic artifact of the platform using two methods,
which include JPEG compression at quality
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levels between 30 and 70 and aggressive spa-
tial down-scaling using scale factors between
0.5 and 0.8, with a probability of 40%.

- Spatial Regularization: We use coarse
dropout (cutout) to up to four rectangular re-
gions with a 30% probability, preventing the
model from over-relying on isolated visual
cues.

+ Color Variation: We dynamically apply ran-
dom hue and saturation adjustments with the
probability of 30% which prevents the model
from over-relying on isolated visual cues.

Finally, all augmented image tensors are nor-

malized using standard ImageNet statistics before
being passed to the visual encoders.

4.2. Experimental Setup

Hyperparameter Value

Optimizer AdamW (e = 1 x 107%)
B, Ba 0.9, 0.999

Batch Size 16

Dropout (Head) 0.3

Epochs (Max) 15

Early Stopping Patience =5
Hardware NVIDIA Tesla P100

Random Seed 42

Table 2: General training configurations applied
across all experiments.

A consistent training pipeline was employed
across both the Hate Speech Detection and Senti-
ment Analysis subtasks The CHIPSAL 2026 Nepali
meme dataset (Thapa et al., 2026) served as the
primary benchmark for all model evaluations

The preprocessed inputs, as detailed in the previ-
ous section, were utilized to train the various archi-
tectures Specifically, the textual modality relies on
OCR-extracted Nepali text, while the visual modal-
ity leverages stochastically augmented meme im-
ages This standardized setup ensured a fair and
unbiased evaluation across all unimodal and early-
fusion multimodal systems

As summarized in Table 2, key hyperparameters
included a batch size of 16, the AdamW optimizer,
and a maximum of 15 training epochs with early
stopping (patience = 5) Parameter-efficient fine-
tuning was achieved using LoRA (r = 16, o =
32) for both text and image encoders A complete
list of model-specific learning rates, is provided in
Appendix 9 for full reproducibility
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4.2.1. Unimodal and Multimodal Models

Selection

Unimodal Textual Models: We evaluated multi-
ple text-only transformer-based models for Nepali
meme analysis. As justified above, we utilized
mBERT-base-uncased (Devlin et al., 2019), XLM-
RoBERTa-base (Conneau et al., 2020), and MuRIL
(Khanuja et al., 2021). From these models, we
extracted independent textual embeddings Eiex €
R? to serve as our baseline textual framework.

Uni-modal Visual Models: We extracted visual
embeddings Einage € R% using a diverse set of
advanced visual architectures: ResNet (He et al.,
2016), ConvNeXt (Liu et al., 2022), and Vision
Transformer (ViT) (Dosovitskiy et al., 2021).

Multi-modal Models: To capture cross-modal in-
teractions, we experimented with early-fusion archi-
tectures by pairing each visual encoder with each
textual encoder. Specifically, we combined the set
of visual models {ResNet, ConvNeXt, ViT} with the
set of textual models {mBERT, XLM-R, MuRIL}, re-
sulting in a total of nine multimodal configurations.

Following standard early-fusion (feature-level)
paradigms for multi-modal meme classification (Bal-
trusaitis et al., 2018; Kiela et al., 2020b), textual and
visual representations are extracted independently
before being combined for classification. Formally,
given an image-text pair (z,,z;), let f, and f, de-
note the visual and textual encoders, respectively.
We first extract the independent dense feature vec-
tors h, = f,(x,) and hy = f;(z;). These repre-
sentations are then concatenated to form a fused
multimodal vector:

hfused = [hv S5 ht]

where @ denotes the concatenation operation. Fi-
nally, this joint representation is passed through
a linear classification head to obtain the predicted
probabilities ¢:

g = Softmax(Whyyseq + b)

where W and b represent the learnable weights
and bias of the classifier. This constitutes an early-
fusion paradigm, as the representations from both
modalities are merged prior to the final classification
layer, in contrast to decision-level late fusion where
independent model predictions are combined.

Vision-Language Model: In addition to encoder-
based fusion approaches, we also evaluated
SigLIP (Zhai et al., 2023), a pretrained vision-
language model that jointly learns aligned repre-
sentations between images and text.

4.2.2. Architectural Justification:

The selection of our diverse model architectures is
deeply grounded in the linguistic and visual reali-
ties of Nepali digital culture, as highlighted in recent
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Figure 3: Unified system architecture illustrating the experimental framework. The raw meme input is split
into independent preprocessing streams: the Image Stream utilizes stochastic augmentation to prevent
pattern memorization, while the Text Stream extracts raw Devanagari strings via EasyOCR. The framework
evaluates three distinct modeling paradigms—Unimodal Baselines, explicit Early Fusion networks, and a
pre-aligned Vision-Language Model (SigLIP)—across the final output tasks of Hate Speech Detection

and Sentiment Analysis.

multimodal literature (Kiela et al., 2020b; Bhandari
et al., 2023). For the textual modality, we deliber-
ately prioritized multilingual models (mMBERT, XLM-
ROBERTa) and specifically MuRIL, rather than rely-
ing solely on monolingual Nepali encoders. Nepali
memes frequently exhibit complex code-switching
not only with English but heavily with Hindi, driven
by the pervasive influence of Bollywood and the In-
dian entertainment industry on regional internet
culture (Thapa et al., 2025a). MuRILs specific
pre-training on Indic languages makes it uniquely
equipped to handle this nuanced, cross-lingual
meme vocabulary. For the visual modality, we se-
lected ResNet to serve as a proven, robust baseline,
ConvNeXt to evaluate modern CNN optimizations,
and the Vision Transformer (ViT) to capture the
global context of visual semiotics (e.g., emojis and
specific meme templates). Finally, our inclusion
of the SigLIP foundation model was driven by the
proven efficacy of pre-aligned cross-modal repre-
sentations in noisy, low-resource moderation tasks.

5. Results & Discussion

Table 3 presents a comparative performance anal-
ysis of the evaluated architectures across the Hate
Speech Detection and Sentiment Classification
subtasks.

5.1. Hate Speech Detection:

Transformer-based visual architectures proved
highly effective for the hate speech detection task.
While the prevailing narrative suggests that multi-
modal fusion is inherently superior for meme mod-

eration, our standalone Vision Transformer (ViT)
achieved the highest overall Macro F1-score of
0.6278, driven by the highest recall (0.6278) among
all evaluated models.

Equally notable is the performance of the vision-
language foundation model, SigLIP. While its F1-
score of 0.5999 slightly trailed the pure ViT, SigLIP
achieved the highest overall accuracy (0.6940) and
a strong precision of 0.6424. This demonstrates
that SigLIP’s pre-trained cross-modal alignment
makes it highly reliable for general classification
across both classes, even if the pure visual signal
of the ViT was slightly more effective at retrieving
specific hateful instances.

Further examination of the metrics revealed dis-
tinct behavioral differences across the models. The
text-only baseline, XLM-RoBERTa, achieved a high
precision of 0.8383 but an extremely low recall of
0.5114. This indicates that while XLM-RoBERTa
rarely misclassified regular memes as hateful, it
overlooked a considerable amount of genuinely
hateful content. Explicit multi-modal architectures,
such as MuRIL-ConvNeXt (F1-score of 0.6072),
performed competitively but did not surpass the
performance of the pure visual signal represented
by the VIiT.

5.2. Sentiment Analysis:

A similar reliance on pre-trained visual alignment for
sentiment classification was observed in Subtask B.
The SigLIP model achieved the best performance,
sweeping all evaluation metrics with the highest
F1-score of 0.5481, a high precision of 0.5067, a
recall of 0.6091 and an outstanding accuracy of
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Hate Detection

Sentiment Analysis

Models
Prec. Rec. F1 Acc. Prec. Rec. F1 Acc.

. MBERT 0.5322 0.5318 0.5320 0.5896 0.4254 0.4208 0.3831 0.3985
S XLM-RoBERTa 0.8383 0.5114 0.4258 0.6791 0.1579 0.3333 0.2143 0.4737
F  MuRIL 0.3358 0.5000 0.4018 0.6716 0.4254 0.4208 0.3831 0.3985
« ResNet 0.6178 0.5811 0.5804 0.6791 0.4955 0.4753 0.4793 0.5188
7 ConvNeXt 0.5872 0.5763 0.5782 0.6493 0.3905 0.3985 0.3897 0.4511
5 VT 0.6278 0.6278 0.6278 0.6716 0.4140 0.4104 0.4112 0.4436

mBERT + ResNet 0.5890 0.5944 0.5904 0.6269 0.3051 0.3049 0.2840 0.2857
< MBERT + ConvNeXt 0.5795 0.5902 0.5682 0.5821 0.4083 0.4123 0.4076 0.4211
.g mBERT + ViT 0.5916 0.6005 0.5915 0.6194 0.4828 0.4984 0.4826 0.4887
£ MuRIL + ResNet 0.5601 0.5601 0.5601 0.6119 0.2634 0.2579 0.2402 0.2406
% MuRIL + ConvNeXt 0.6101 0.6235 0.6072 0.6269 0.4320 0.4362 0.4276 0.4436
S MuRIL + ViT 0.5774 0.5833 0.5780 0.6119 0.4713 0.4657 0.4677 0.4887
@ XLM-RoBERTa + ResNet 0.6014 0.6119 0.6012 0.6269 0.1322 0.3083 0.1682 0.2180

XLM-RoBERTa + ConvNeXt 0.5589 0.5710 0.5598 0.5675 0.3698 0.3698 0.3685 0.3985

XLM-RoBERTa + ViT 0.5352 0.5384 0.5335 0.5672 0.4561 0.4562 0.4491 0.4662
'>-' SigLIP 0.6424 0.5980 0.5999 0.6940 0.5067 0.6091 0.5481 0.7143

Table 3: Performance comparison of unimodal and multimodal architectures for sentiment and hate
analysis. Bold values denote the best-performing model for each metric within a given subtask.

0.7143.

On the other hand, unimodal text models under-
performed on this subtle task. For instance, XLM-
RoBERTa struggled significantly, achieving a preci-
sion of only 0.1579. Although explicit fusion meth-
ods such as mBERT-ViT achieved a reasonable F1
score of 0.4826 and an accuracy of 0.4887, it was
significantly lower than the SigLIP baseline. Since
SigLIP is already trained on a high-quality, cross-
learning image-text alignment, its performance im-
plies that the use of a foundation model with ac-
quired cross-modal knowledge is much more ef-
fective than directly combining low-resource Nepali
text encoders with standard vision models.

5.3. Discussion of Findings

The primary finding across both subtasks is that uni-
modal visual architectures and pre-aligned vision-
language foundation models unexpectedly outper-
formed explicit early-fusion integration networks.
While prevailing assumptions in meme moderation
suggest that multimodal fusion is inherently supe-
rior, our empirical results demonstrate that the vi-
sual modality carries the primary semantic burden
in this specific low-resource, high-noise environ-
ment.

We postulate that this performance gap is di-
rectly attributable to the "distractor" effect caused
by degraded textual signals. In high-noise environ-
ments characterized by complex code-switching,
casual slang, and intentional visual degradation
(such as "deep-fried" aesthetics), the OCR extrac-
tion pipeline frequently produces noisy or incoher-

ent text inputs. When these degraded textual rep-
resentations are concatenated with strong visual
features during early fusion, the textual modality
acts as an active distractor rather than a comple-
mentary signal. The linear classification head strug-
gles to isolate the predictive visual signal from the
high-entropy textual noise, creating a significant
performance bottleneck.

Consequently, standalone visual models like
the Vision Transformer (ViT) perform better pre-
cisely because they are insulated from this textual
noise. By treating typographical overlays and emo-
jis strictly as visual semiotics, the ViT avoids be-
ing confused by OCR transcription errors. Simi-
larly, foundation models like SigLIP, which are pre-
trained on massive datasets to align images and
text holistically, demonstrate a superior ability to
filter out this modality-specific noise compared to
fusion networks trained from scratch on our lim-
ited dataset. Ultimately, these findings underscore
that forcing multimodal fusion with unreliable text in-
puts is actively detrimental, and robust moderation
in low-resource languages must prioritize noise-
resilient or entirely vision-dominant approaches.

6. Interpretability and Modality
Reliance

We conducted a two-fold interpretability analysis:
(1) mapping spatial attention on the unimodal Vi-
sion Transformer (ViT) using Gradient-weighted
Class Activation Mapping (Grad-CAM) to visualize
modality-specific focus areas, and (2) performing
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(a) Correct Classification (True: Hate, Pred:
Hate)

(b) Incorrect Classification (True: Hate, Pred:
Non-Hate)

Figure 4: Grad-CAM heatmaps from the penulti-
mate layer of the ViT model. Subfigure (a) correctly
identifies hateful intent by focusing on visual semi-
otics (emoaijis), while (b) shows a failure to capture
context, misidentifying a hateful meme as Non-Hate

counterfactual modality ablation using the vision-
language foundation model (SigLIP).

6.1.

To visualize how the text-agnostic ViT handles mul-
timodal inputs, we generated Grad-CAM heatmaps
from the penultimate layer of the model. Because
ViT lacks a natural language tokenizer, it processes
typographical overlays strictly as visual tokens.

As shown in Figure 4 (a), a hateful meme was
successfully classified. The activation map shows
that the model is largely invariant to the structural
Devanagari text; instead, it centers its attention on
the laughing emoijis (specifically, the face with tears
of joy emoiji). Emojis play a significant role and can
be regarded as strong visual semiotics that carry
significant emotive weight in meme culture. In most
cases, emojis express mockery, sarcasm, or malev-
olent intent. Standard low-resource NLP pipelines
often do not recognize the semantic content of such
Unicode characters. Nevertheless, these are lever-
aged effectively by the ViT as highly discriminative
visual characteristics, hence its superior F1-score
in hate speech classification.

On the other hand, Figure 4 (b) shows a critical
failure mode (True: 1, Predicted: 0). The Grad-
CAM heatmap shows that the model focuses dis-
proportionately on a visually secondary object (a
monkey). The model fails to capture the contextual
hatefulness created by the interaction of the text

Visual Attention and Semiotics (ViT)

and image because it lacks the ability to process the
accompanying text. This proves that while visual
semiotics are powerful, this reliance creates signifi-
cant blindspots regarding context-specific memes
where the image alone does not convey the full
intent.

Modality Reliance Hate Speech  Sentiment
Image Bias 34 (25.6%) 12 (9.0%)
Text Bias 6 (4.5%) 17 (12.8%)
True Multimodal 93 (69.9%) 104 (78.2%)
Total 133 133

Table 4: Counterfactual modality ablation results for
the SigLIP model, detailing unimodal bias versus
true cross-modal synergy across both subtasks.

6.2. Counterfactual Modality Ablation
(SigLIP)

We employed a counterfactual ablation framework
to evaluate modality bias and inter-modality dynam-
ics in the SigLIP architecture. By applying both
text and image ablation to each validation sample,
we isolated the modality driving the baseline multi-
modal prediction. An instance was defined as hav-
ing an image or text bias if only one of the unimodal
predictions matched the multimodal baseline.

The ablation results (Table 4) provide empirical
evidence for our hypothesis of visual dominance in
low-resource settings. In Subtask A (Hate Speech
Detection), SigLIP exhibited a strong image bias
(34 instances), significantly outpacing the minimal
text bias (6 instances). This suggests that the
model relies extensively on visual signals for hate
detection, effectively bypassing the noisy or code-
mixed Nepali textual stream.

Conversely, in Subtask B (Sentiment Classifica-
tion), the modality reliance was considerably more
balanced. The ablation identified 12 image-biased
and 17 text-biased cases.However, the vast ma-
jority (104 instances) represented true multimodal

synergy.

7. Conclusion

This paper has compared different unimodal, early-
fusion, and foundation models of the CHiPSAL
2026 Shared Task on Nepali meme moderation.
Contrary to the intuitive expectation that explicit
text-vision fusion is necessary, we find that sin-
gle visual architectures and pre-aligned foundation
models carry the major semantic burden in this low-
resource, high-noise environment. In particular,
the Vision Transformer (ViT) had the largest F1-
score (0.6278) on binary Hate Speech Detection
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with exploiting the visual semiotics, and the SigLIP
foundation model excelled at the multi-class Senti-
ment Analysis subtask (0.5481 F1-score) with the
strong cross-modal synergy. These findings finally
show that the performance of noisy OCR-extracted
text with powerful visual features through standard
late fusion is actually worse, which emphasizes the
importance of noise-resilient text encoders or more
intensive utilization of vision-language models with
inherent alignment on low-resource languages.

8. Limitations

Despite establishing encouraging baselines, our
study presents several limitations. The most promi-
nent bottleneck stems from OCR transcription er-
rors and the casual, code-mixed nature of Nepali
internet slang, which significantly degraded the
quality of the textual embeddings utilized by our
early-fusion models. We did not employ explicit text-
denoising or image-restoration techniques prior to
text extraction. This decision was twofold: first,
there is a current lack of robust, off-the-shelf denois-
ing or spell-correction pipelines optimized for code-
mixed, low-resource Nepali internet data. Second,
within meme culture, visual noise (e.g., low resolu-
tion, grain, compression artifacts, or "deep-fried" ef-
fects) is frequently considered part of the intentional
aesthetic. Aggressively removing these artifacts
to improve OCR accuracy risks destroying subtle
semiotic cues that heavily influence the meme’s
overall sentiment or hateful intent.

Furthermore, our interpretability analysis indi-
cates that visual models, such as ViT, are over-
reliant on specific visual markers like emojis. Con-
sequently, these models often fail to identify ma-
licious intent in highly contextual memes where
the subtle synergy between text and image is the
primary driver of the sentiment.

Finally, our experiments were constrained by a
relatively small training dataset. This data scarcity
likely contributed directly to the underperformance
of our explicit early-fusion architectures compared
to unimodal baselines and pre-aligned foundation
models, the fusion networks simply lacked suffi-
cient examples to effectively learn complex cross-
modal alignments from scratch. This constrained
our models’ capacity to detect nuanced inter-modal
semantic dissonance and generalize across the
rapidly evolving landscape of Nepali digital culture.
To bypass the fragile text-extraction phase entirely
and mitigate OCR-induced noise without destroy-
ing the underlying visual aesthetic, future research
should prioritize the use of true OCR-free Vision-
Language Foundation Models (such as Donut or
PaliGemma). These specialized, end-to-end archi-
tectures represent the most promising primary next
step for multimodal comprehension in low-resource,

high-noise environments.
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Appendix A. Detailed Experimental

Setup

Model Type Learning Rate / LoRA
Fusion 1x 107 or

LoRA (r = 16, a = 32)
Image-Onl 1 x 107 or

9e-ONY | oRA (r = 16, a = 32)

LoRA Fine-tunin
Text-Only (r =16, 0 = 32)9
Classifier 1 x 10~* (All models)

Table 5: Model-specific learning rates and LoRA
parameters.
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