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Abstract
Memes have become a popular way for people to share opinions and emotions on social media, but they are also often
used to spread hate and negative sentiments. In this paper, we present our multimodal approach to the CHiPSAL 2026
shared task on multimodal hate and sentiment detection in Nepali memes, which includes two subtasks: hate detection
and sentiment analysis. Since memes usually combine both text and images, we first experimented with different
unimodal models for text and images separately. After identifying the top two best-performing text and image models,
combined them using different fusion techniques. The results show that multimodal models outperform unimodal ones,
highlighting that both textual and visual information are important for understanding the context of memes. The multi-
modal model, which combines sentence-transformers/LaBSE for text and ResNet-18 for image using weighted Fusion
technique, achieved a macro F1 score of 0.6614 for Subtask A and sentence-Transformers/LaBSE for text and deit-
Base for image using simple Fusion technique, achieved a macro F1 score of 0.4839 for SubTask B, on the test dataset.
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timent analysis

1. Introduction

In the era of social media, memes have become a
powerful medium for expressing public sentiment
within online communities. For teenagers in par-
ticular, memes play a central role in communica-
tion.According to a report by YPulse (2019)', 75%
of individuals between the ages of 13 and 36 share
memes. Memes often serve as a means of spread-
ing joy and happiness. However, some people mis-
use memes to spread hate, especially against vul-
nerable communities (Mukhtar et al., 2024). Such
hateful content can contribute to social unrest and
may even lead to violence (Parihar et al., 2021;
Bhandari et al., 2023; Singh et al., 2026). Sev-
eral studies (Kiela et al., 2020; Arya et al., 2024;
Das et al., 2020) have focused on detecting hate
speech in English- language memes. In contrast,
only a limited number of studies (Singh et al., 2024;
Nagaraju and Shashirekha, 2025), address hate
detection in memes in low-resource languages, and
for some languages, no prior work exists. Nepali
is one such low-resource language(Sharma et al.,
2025). Nepaliis the official and most widely spoken
language of Nepal, with approximately 19 million
native speakers worldwide?.

"YPulse report 3 Stats That Show What Memes
Mean to Gen Z & Millennials https://www.ypulse
.com/article/2019/03/05/3-stats-that-sho
w-what-memes-mean-to-gen-z-millennials/

2Nepali language,” Wikipedia, last modified 2026,
https://en.wikipedia.org/wiki/Nepali_lan

Hate speech Detection, Low-Resource language, Meme Classification, Multimodal Data, Sen-

The CHiIPSAL 2026 task (Thapa et al., 2026) is
introduced to specifically focus on detecting hate
in this low-resource language setting. The task is
divided into two subtasks: (A) identifying hate in
memes and (B) identifying sentiment expressed in
memes. This task aims to bridge the gap in hate
detection and sentiment analysis for the Nepali lan-
guage. Preventing the spread of hateful content
on social media is essential for creating safer and
healthier digital platforms for people from all back-
grounds.

In this paper, we analyze multimodal architec-
tures and show that both textual and visual infor-
mation are essential for accurately identifying hate
and sentiment in memes. Since memes combine
images and text to convey meaning, understanding
their full context requires integrating both modalities.
To examine this, we evaluate several state-of-the-
art (SOTA) models for text and image processing,
apply different fusion strategies, and compare their
performance. The results demonstrate that mul-
timodal approaches outperform unimodal models
for both subtasks.

The subsequent sections of this paper are struc-
tured as follows. Section 2 reviews the relevant
literature on hateful meme detection and sentiment
analysis. Section 3 presents the dataset descrip-
tion. Section 4 describes implemented unimodal
and multimodal architectures. Section 5 outlines
the experimental setup, while Section 6 discusses
the results. Finally, Section 7 concludes the paper

guage.
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by summarizing our key contributions and insights.

2. Related Work

With the rapid growth of social media platforms,
the need to monitor and detect harmful online con-
tent has become increasingly important. Early re-
search in hate speech detection has focused pri-
marily on text-based analysis; studies utilized nat-
ural language processing for the identification of
hate speech in comments, posts, etc. (Schmidt
and Wiegand, 2017; Davidson et al., 2017; Fortuna
and Nunes, 2018; Sharma et al., 2024). Studies
have been done on the emotional connection of
speech, which laid the foundation for sentiment
analysis (Plaza-Del-Arco et al., 2021; Nandwani
and Verma, 2021; Sadat et al., 2022; Singh et al.,
2025). These works demonstrate the interlink be-
tween hate speech and sentiment analysis, since
negative emotions frequently precede hate speech.

With the rapid rise of internet memes, there has
been a shift toward multimodal analysis, as memes
usually combine both images and text to convey
meaning. Understanding them through only one
modality is often not enough. The Hateful Memes
Challenge (Kiela et al., 2020) was one of the early
efforts that highlighted this issue, showing that
memes require models to jointly interpret visual and
textual information due to their complex and subtle
nature. Later developments such as CLIP further
emphasized the importance of aligning images and
text representations for better cross-modal under-
standing (Arya et al., 2024) . Other studies have
also explored contextual meme analysis for hate
detection, though many of these efforts remain pre-
liminary (Das et al., 2020). While most early re-
search focused on English memes, recent work
has started paying attention to code-mixed content,
especially Hindi—English memes. These studies
suggest that for low-resource languages to bene-
fit from multimodal models, linguistic diversity and
language mixing must be considered (Singh et al.,
2024). Therefore, there is a need to develop re-
sources that include diverse Indian languages, help-
ing create safer and more inclusive social media
environments (Nagaraju and Shashirekha, 2025).

The integration of Large Language Models
(LLMs) represents a significant paradigm shift in
computational social science, offering advanced
reasoning capabilities for complex content anal-
ysis (Thapa et al., 2025a). Current frameworks
leverage prompt-based approaches and retrieval-
augmented methods to handle the scarcity of data
and the linguistic intricacies of code-mixed, low-
resource memes (Thapa et al., 2025b,c). Despite
these advancements, a comprehensive survey of
South Asian languages reveals that no research in
Nepali specifically concerning meme-based hate

and sentiment detection (Sharma et al., 2025). This
gap highlights the need for a multimodal dataset
for hate detection in the Nepali language. The
CHiPSAL2026 (Thapa et al., 2026) shared task
addresses this issue by introducing a dataset for
detecting hate and analyzing sentiment in low-
resource Nepali memes . In this paper, we analyze
multimodal models to detect the hate and sentiment
analysis within the Nepali memes.

3. Dataset Description

The dataset used in this study is provided by
the shared task on Multimodal Hate and Sen-
timent Understanding in Low-Resource Memes
(Thapa et al., 2026) in the CHIPSAL 2026 work-
shop (Sarveswaran et al., 2026). The task consists
of two subtasks. SubTask A is for the identifica-
tion of Hateful Memes in Nepali. SubTask B is for
sentimental analysis of Hateful Memes in Nepali.

3.1. SubTask A

This Subtask is for the identification of Hateful
Memes in Nepali. It consists of 1068 memes for
training (720 of Hate and 348 of Non Hate), 133
memes for validation (98 of Hate and 35 of Non
Hate), and 134 memes for testing, as shown in
Table 1.

Table 1: Dataset distribution for SubTask A

Class Train Val Test
Hate 720 98 -
Non-Hate 348 35 -
Total 1068 133 134

3.2. SubTask B

This SubTask is for sentimental analysis of Hate-
ful Memes in Nepali. It consists of 1061 memes
for training (341 Negative, 473 Neutral, and 247
Positive), 133 memes for validation (39 Negative,
65 Neutral, and 29 Positive), and 133 memes for
testing, as shown in Table 2.

Table 2: Dataset distribution for SubTask B

Sentiment Train Val Test
Negative 341 39 -
Neutral 473 65 -
Positive 247 29 -
Total 1061 133 133

4. Methodology

The dataset consists of memes comprising two
modalities: image and text. In this section, we in-
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troduce the methodology used in the study to han-
dle both modalities and their fusion. The problem
statement is defined as follows:

= E§3X224X224

T € R1X256

where I is a 3-channel image of height 224 and
width 224, and T is a 256-dimensional embedding
representation.

Subtask A is defined as:

0 Hate
V= {1 Non-Hate
The classifier HC, is defined as:
HCy: (I,T) =y, ye{0,1}
Subtask B is defined as:

0 Negative Sentiment
1 Neutral Sentiment
2 Positive Sentiment

y:

The classifier HC is defined as:

HCy: (I,T) —y, ye{0,1,2}

4.1. Unimodal Model

In the unimodal approach, the classifier is designed
to process output given only one of the two modal-
ities (e.g., either image or text). This individual
contribution serves as a baseline for each modal-
ity.

41.1. Image

In this section, we summarize the image model
analysis. We test models I3, I, ..., I;o as shown
in the image model Table 3. We select the top two
individual image models, I; and I, to be tested
further for fusion, as shown in section 4.2.

Table 3: Abbreviations of Image Model Names

Tag | Model Name
1 Deit-Base
12 Resnet18
I3 | Beit-Base
14 | Resnet50
I5 | Vggi16
16 | Efficientnet-B4
I7 | Efficientnet-BO
I8 | Convnext-Base
19 | Vit-Large

110 | Vit-Base

1. I: DeiT-Base is a transformer-based model
introduced by (Touvron et al., 2021). This
model follows the Vision Transformer pipeline
with a key modification: knowledge distillation
through a distillation token. In this model, an
additional distillation token is introduced, which
learns from a CNN teacher model. Here, the
model is supervised by both the ground truth
and the teacher predictions. This allows the
model to perform better on smaller datasets
where data is limited for parameter tuning.

2. I,: ResNet-18 is a convolution-based (CNN)
model introduced by (He et al., 2016). This
model handles the degradation problems in
CNNs with the help of the residual connection
method, which is mathematically expressed
as:

y = F(x {W;}) +x

where x is the input and F(x,{W,}) repre-
sents the output of the residual mapping. This
residual network helps reduce the vanishing
gradient problem, enabling the model to effi-
ciently handle degradation without additional
parameters, which helps the model train and
perform better on smaller datasets.

4.1.2. Text

In this section, we summarize the text extraction
from images and the text models. For text extrac-
tion, we use EasyOCR and the Qwen model. Easy-
OCR text was provided by CHiPSAL; we also use
Qwen2-VL-7B-Instruct to generate image descrip-
tions alongside the image OCR. As neither Easy-
OCR nor Qwen OCR is fully reliable on its own, we
extracted text from both to improve overall OCR
accuracy. Beyond OCR, the Qwen model is used
to generate further details of the image. Listings 1
and 2 provide the prompt templates for Subtask A
and Subtask B, respectively.

messages = [
{
"role": "user'",
"content": [

{"type": "image", "image':
image_path},

{"type": "text", "text": (

"Task: 1. OCR Nepali/

English text. "

"2. Describe visual/textual
meaning. "

"3. Classify: ’'Hate’ or '/
Not Hate'’. '

"4, Provide Jjustification.\
nt

"Output: OCR_TEXT,

JUSTIFICATION"

)}

MEANING,
LABEL,

]
}
]

Listing 1: Prompt Template for Subtask A: Hate
Speech Detection
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a AW =

o

12
13
14
15

messages = [

{

"role": "user'",
"content": [
{"type": "image", "image':
image_path},
{"type": "text", "text'": (
"Task: 1. OCR Nepali/

English text.
"2. Describe meme meaning.

"3. Determine Sentiment:
Neutral, or Negative.
"4. Explain sentiment

Positive,

reason.\n"

"Output: OCR_TEXT, MEANING,
SENTIMENT, SENTIMENT_REASON"
)}
1
}
]
Listing 2: Prompt Template for Subtask B:

Sentiment Analysis

Table 4: Abbreviations of Text Model Names

Tag | Model Name

T1 Sentence-
Transformers/LaBSE

T2 | Bert-Base-Multilingual-
Cased

T3 | Distilbert-Base-
Multilingual-Cased

T4 | Sentence-
Transformers/Paraphrase-
Multilingual-Mpnet-Base-
V2

T5 | Sentence-
Transformers/Paraphrase-
Multilingual-MiniLM-L12-
V2

T6 | XIm-Roberta-Base

T7 | Ai4Bharat/Indic-Bert

T8 | Microsoft/Mdeberta-V3-
Base

T9 | Google/Muril-Base-
Cased

T10 | Google/Canine-C

We test models 11,75, ..., 1o as shown in the
text model Table 4. We select the top two individ-
ual text models, 77 and 15, to be tested further for
fusion in section 4.2.

 T;: Sentence-Transformers/LaBSE is a mul-
tilingual sentence embedding model intro-
duced by (Feng et al., 2022). This model is
based on Multilingual BERT (mBERT) with 12
transformer layers. The model uses a shared
semantic vector space for different languages;
it provides a similar vector space for both the
Nepali text and its English translation. This
helps in maintaining the complete text con-
structed in the preceding sections within a sim-
ilar vector space, allowing the model to better
understand the context of the meme.

» T»: Bert-Base-Multilingual-Cased (mBERT)
is a multilingual language model trained on
Wikipedia data from 104 languages. This
model aligns Nepali and English using cross-
lingual alignment, which happens implicitly
through the shared training process. The
model has 12 transformer layers, and its cross-
lingual alignment helps it work on unlabeled
Nepali data based on fine-tuning on English.

4.2. Multimodal Model

In the previous subsection 4.1, we established a
baseline for how image and text performed indi-
vidually. Based on a single modality, meme con-
tent cannot always be reliably classified as hate or
non-hate, nor can we perform sentiment analysis;
therefore, we perform different types of fusion on
the top two performing image models (I, I5) and
the top two performing text models (77, T3).

‘lll‘l\xll“lll *
I2

OR

Top 2 Image Model

Fusion

!

Classification

Figure 1: Proposed Multimodal Design

Figure 1 presents our proposed multimodal de-
sign. In the fusion of the two modalities, the modal-
ities are first projected into a common dimension.
Let t € R?% denote the text feature vector and
v € R denote the image feature vector.

t=Wit+b, W,ecR»®>d p cR¥ (1)

V=W,v+b, W,eR»>% p, cR?™ (2)
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Such that )
t, v € R*,

+ Fy: Simple Fusion In this fusion, the projected
vectors t and v are concatenated and passed
through a fully connected layer for classifica-
tion.

x = [v;t] € R?!? (3)

The classifier is defined as:
§=0c(Wex+b) (4)
where W, € R1*%12 p, ¢ R.

» F»: Weighted Fusion In weighted fusion, we
introduce learnable scalar weights o and £:
x=at+pv, xeR?»S (5)
where «, 8 € R are trainable parameters. The
classifier is defined as:

g=0(Wx+b,), W.eR>*?  (g)

+ F3: Cross-Attention Fusion We employ a
single-head cross-attention mechanism with
text features as the query and image features
as the key and value:

Q=t, K=v, V=v (7)
The attention mechanism is defined as:
KT
x = softmax (Q ) \% (8)
V256

where x € R?°6, The final prediction is:

§=o0(Wex+b.), W.eRX?6 (9

« F,: Element-Wise Fusion Element-wise fu-
sion is performed via direct addition:

x=t+v, xecR*» (10)
The classifier output is:
§=o0(Wx+b.), W,eR¥¥5 — (11)

5. Experimental Setup

In this section, we provide the details of the experi-
mental setup used in Section 4 for model training.
All experiments are performed using an NVIDIA
RTX 5000 Ada (32 GB GPU VRAM) paired with
256 GB system RAM and an Intel Xeon W7-2475X
processor as the hardware platform. The primary
software libraries employed for this study are Py-
Torch, Pandas, and OpenCV.

Table 5 summarizes the hyperparameters used
in our experiments. All models are trained using a

Table 5: Training Hyperparameters

Hyperparameter Value
Batch Size 8
Epochs 50

Early Stopping Patience 5

Learning Rate 1x107°

Weight Decay 1x107*

Optimizer AdamW

Scheduler ReduceLROnPlateau

Scheduler Factor 0.5

Scheduler Patience 2

Loss Function BCEWithLogitsLoss /
CrossEntropyLoss

batch size of 8 to balance performance and mem-
ory usage. Training is performed for a maximum
of 50 epochs. To avoid overfitting, early stopping
is applied based on the validation loss, with a pa-
tience value of 5. We use ReduceLROnPlateau
as the learning rate scheduler, with a reduction
factor of 0.5 and a patience of 2. For Subtask A,
BCEWithLogitsLoss is used as the loss function.
For Subtask B, CrossEntropyLoss is applied. The
AdamW optimizer is used to update the model pa-
rameters during training.

6. Results

Table 6 presents the performance of unimodal mod-
els on the validation dataset. 7} and T3 are the
best-performing text models. T achieves the best
validation macro F1 score of 0.605 for Subtask A
and 0.4443 for Subtask B, followed by T with a
validation macro F1 score of 0.597 for Subtask A
and 0.4342 for Subtask B. For image models, I;
and I, are the top performers. I; achieves the best
validation macro F1 score of 0.5735 for Subtask
A and 0.4606 for Subtask B, followed by I, with a
validation macro F1 score of 0.5929 for Subtask A
and 0.4525 for Subtask B.

Table 7 presents the results for the multimodal
models on the validation dataset. The results in-
dicate that for Subtask A, the top-performing mul-
timodal model is F3 using 77 and I; (macro F1 of
0.6568), followed by F3 using 77 and 1> (macro F1
of 0.6502), and F; using 77 and I, (macro F1 of
0.6425). For Subtask B, the top-performing multi-
modal model is F; using 77 and I; (macro F1 of
0.4755), followed by F3 using 71 and I; (macro F1
of 0.4747), and F; using Ty and I; (macro F1 of
0.4613).

We select the top three performing multimodal
models on the validation dataset for evaluation on
the final test dataset. Table 8 provides the results
for the top three models on the test dataset; notably,
Fy with the T} and I, model performs the best with
a macro F1 of 0.6614. Table 8 provides the results
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for the test dataset, where the F; fusion on the T}
and I; model performs the best with a macro F1 of
0.4839.

We attempted to detect hate speech and analyze
meme sentiment based on the direct output of the
Qwen model; however, the model was unable to
successfully classify all the memes. Consequently,
we were required to pass the Qwen descriptions
along with the OCR to the text models. A closer look
at the results reveals a bottleneck caused by the
count of randomly initialized learnable parameters
introduced in the fusion layers. The results make it
evident that the model is unable to completely train
these randomly initialized fusion parameters.

Simple and weighted fusion methods are per-
forming better than cross-attention-based fusion.
For Subtask A, weighted fusion performs the best;
however, for Subtask B, which has a smaller
dataset size per class, simple fusion is performing
better than even weighted fusion. These results
demonstrate that for a smaller dataset, the intro-
duction of untrained parameters results in the addi-
tion of more noise. We also observe that element-
wise fusion leads to a loss of essential informa-
tion, resulting in lower performance than unimodal
approaches. The model is unable to retain the
unimodal information in that configuration. Hence,
simple concatenation, providing a balance between
dataset size and the introduction of new parame-
ters, yields the best performing results.

Table 7: Performance Comparison of Multimodal
Models on Subtasks A and B (Validation Dataset)

Text Image Fusion SubTask A SubTask B
Macro F1 Macro F1
i I Fy 0.5186 0.4579
T L F; 0.6568 0.4747
T 5L Fi 0.6171 0.4613
Ty I Fy 0.6252 0.4755
T I, F, 0.5395 0.4336
T1 P F; 0.6502 0.4546
T I F 0.6094 0.4365
T I, F, 0.6425 0.3946
T I Fy 0.5423 0.3924
15 I F3 0.5574 0.4201
T L Fy 0.5130 0.4275
T I Fy 0.5405 0.3793
T I Fy 0.6094 0.4337
T I, F; 0.5585 0.4301
T P Fy 0.5485 0.3847
T I Fy 0.5970 0.4089

Table 6: Performance Comparison of Unimodal
Models (Validation Dataset)

Mod. Tag Model Name Sub A Sub B
(F1) (F1)
Text (Unimodal)
Text T1 Sentence- 0.605 0.4443
Transformers/
LaBSE
Text T2 Bert-Base- 0.597 0.4342
Multilingual-
Cased
Text T3 DistilBert-Base- 0.5535 0.4241
Multilingual-Cased
Text T4 Sent.-Trans./ 0.562 0.4057
Para.-Multiling.-
Mpnet-Base-V2
Text T5 Sent.-Trans./ 0.5793 0.3921
Para.-Multiling.-
MiniLM-L12-V2
Text T6 XLM-Roberta-Base 0.4242 0.2189
Text T7  Ai4Bharat/ 0.4242 0.324
Indic-Bert
Text T8  Microsoft/ 0.4242 0.2189
MDeBerta-V3-Base
Text T9 Google/ 0.4242 0.2189
MuRIL-Base-Cased
Text T10 Google/ Canine-C  0.4242 0.2189
Image (Unimodal)
Image I DeiT-Base 0.5735 0.4606
Image 12 ResNet18 0.5929 0.4525
Image I3  BeiT-Base 0.581 0.4388
Image 14  ResNet50 0.5822 0.413
Image 15 VGG16 0.5794 0.3504
Image 16  EfficientNet_B4 0.5694 0.4485
Image 17  EfficientNet_B0O 0.5427 0.3997
Image 18  ConvNext_Base 0.5393 0.4371
Image 19  ViT-Large 0.5654 0.3946
Image 110 ViT-Base 0.5347 0.4149

Table 8: Testing Dataset Results for Multimodal
Fusion

Text Image Fusion Macro A P R
F1

Subtask A

T1 1 F3 0.6229 0.6791 0.6324 0.6275
T 12 F3 0.6080 0.6866 0.6321 0.6040
T1 12 F2 0.6614 0.7164 0.6743 0.6553
Subtask B

T1 1 F3 0.4336 0.4586 0.4611 0.4349
T 1 F1 0.4839 0.4962 0.4824 0.4857
T1 1 F2 0.4670 0.5038 0.4975 0.4583

Note: Fi: Simple Fusion, F»: Weighted fusion, F3i:

Element-Wise fusion, F,: Cross-Attention Fusion.
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7. Conclusion

Detecting hate and sentiment in memes is impor-
tant for building safe and inclusive online spaces.
Memes spread ideas quickly and often hide harm-
ful intent, which makes automatic detection nec-
essary, especially for low-resource languages like
Nepali, where data and tools are limited. In this
paper, we presented our multimodal approach to
the CHIPSAL 2026 shared task on multimodal hate
and sentiment detection in Nepali memes. Various
text-based and image-based unimodal models are
implemented and evaluated. The top-performing
models from both modalities are then combined
using different fusion techniques. The multimodal
approach outperforms the unimodal approach. The
best-performing model combines T;: Sentence-
Transformers/LaBSE for text and I,: ResNet-18 for
image using F5: Weighted Fusion technique, and
the reported macro F1-scores of 0.6614 for Subtask
A and T;i: Sentence-Transformers/LaBSE for text
and I;: Deit-Base for image using F}: Simple Fu-
sion technique, and the reported macro F1-scores
of 0.0.4839 for SubTask B, respectively. This work
serves as a valuable baseline and resource for the
research community and supports the development
of more robust and effective computational tools for
multimodal content understanding in low-resource
languages.

Code Availability

The code is available at the following link
https://github.com/vinayakbansal-200
2/EthosAI-Chipsal
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