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Figure 6: A comprehensive framework for our pro-
posed tasks, incorporating five different approaches:
(i) utilizing transformer-based pre-trained models for
extracting textual features, (ii) employing visual pre-
trained models for extracting visual features, (iii) utiliz-
ing pre-trained embeddings in conjunction with RNNs
and CNNs for sentence representation and feature ex-
traction, (iv) leveraging pre-trained multimodal models
for extracting multimodal features, and (v) employing
early fusion techniques to obtain a multimodal repre-
sentation. These diverse representations are then passed
through a dense layer and a softmax layer for the final
class prediction.

agree memes exhibit negative sentiment and crit-
icism, disagree memes involve political and soci-
etal disagreement, neutral memes revolve around
daily life and social norms, agree memes align
with popular opinions and thoughts, and strongly
agree memes evoke positive emotions and shared
interests. Overall, Task 1 involves persuasive/non-
persuasive memes, and Task 2 explores the range
of agreement and disagreement on various topics.

4 Methodology

4.1 Task Definition

In this paper, we aim at solving three tasks in-
dividually using a deep-learning framework: (i)
t1: Persuasive meme detection, (ii) t2: Identifica-
tion of the effectiveness of persuasive meme, and
(iii) t3: Identification of persuasion techniques.
Let every meme Si 2 {T, V} is a set with text
T i = (t i 1 ; t i 2 ; ::::; t i k ), and image I i with the shape
(224,224,3) in RGB pattern. In the i th meme, k
refers to the total number of words in the textual
part of the meme. Our goal is to predict the cor-
rect label of each task, i.e., ŷt1 � {persuasive, non-
persuasive}, ŷt2 � {-2, -1, 0, 1, 2} and ŷt3 � {1,

2, 3, 4, 5, 6, 7, 8, 9} for each Si . The purpose of
this task is to maximize the value of the following
function:

argmax
� tk

�
� n

i =0 � k
j =0 P

�
ŷi

tk j Si ; � tk

��
(1)

where tk is the current task in {t1, t2, t3}, Si is the
current meme, P is the log-likelihood, and � is the
model parameter which is needed to be optimized.

5 Baseline Models

5.1 Unimodal Systems

For the text-based baseline model, we implement
LSTM with FastText embedding (Bojanowski et al.,
2016)(L_FT), LSTM with Character level Encod-
ing (L_Char), m-BERT(Pires et al., 2019), LaBSE
(Feng et al., 2020), Muril(Khanuja et al., 2021),
Indic_BERT (Kakwani et al., 2020), VGG-19 (Si-
monyan and Zisserman, 2015), ResNet (He et al.,
2015), ViT (Dosovitskiy et al., 2020).

5.2 Multimodal Systems

Early Fusion: For this category, we extract
textual and visual features from different pre-
trained models and then applied early fusion
to get a multimodal representation. By do-
ing so, we develop the following baseline mod-
els: L_Char+VGG, L_FT+VGG, mBERT+ViT,
LaBSE++ViT, Muril+ViT and Indic BERT+ViT
Pre-trained Models: For the pre-trained mul-
timodal system, we used the following pre-
trained models to extract the multimodal features:
LXMERT (Tan and Bansal, 2019), VisualBERT (Li
et al., 2019). Further, we used another three multi-
modal feature extractors (mCLIP(Radford et al.,
2021), BLIP(Li et al., 2022), and ALBEF(Li et al.,
2021), M3P(Ni et al., 2020)). Each of their features
is passed through a projection layer to make the
final predictions for Task 1, Task 2, and Task 3.

6 Experimental setups
We evaluate our proposed architecture on our cu-
rated dataset. Details of each task’s train and test
set distribution are given in the Appendix Table 5
and 6. The optimal hyperparameters for our model
are found using grid search. we have used Pytorch
Lightning5 framework for the implementation. We
use Adam optimizer with weight decay (Kingma
and Ba, 2015) with a learning rate of 3e-5 for all
the models. We train the model for 60 epochs with
64 batch sizes and early-stopping callback. We

5https://www.pytorchlightning.ai/

https://www.pytorchlightning.ai/
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consistently use a 32 batch size while training with
a fixed random seen of 123. All the models are
trained for 20 epochs, and we take the last check-
point to evaluate the baselines. A single NVIDIA
Tesla GPU is used to conduct the experiments.

7 Results and Analysis

7.1 Model results and comparison

In this section, we show the results that outline
the comparison between several baseline models.
For evaluation of our tasks in Table 4, we use
the F1 score (F1-score), accuracy (A), and ham-
ming loss (H-loss) as the preferred metrics. The
results from Table 4 provide valuable insights into
the performance of different models in the three
persuasion tasks. In Task 1, the baseline models
L_FT and L_Char have low accuracy scores, while
pre-trained models like m-BERT, LaBSE, Muril,
and Indic BERT achieved higher accuracy scores,
indicating their superior performance in classify-
ing memes as persuasive or non-persuasive due to
their ability to capture language patterns and con-
textual information. In Task 2, baseline models
had limited performance in identifying the effect
of persuasiveness. However, the pre-trained mod-
els VisualBERT and M3P achieved higher accu-
racy scores of 58.75% and 60.63%, respectively.
These results indicate that these models were ef-
fective in capturing the nuanced effects conveyed
by persuasive memes, outperforming the baseline
models in understanding the impact of persuasive-
ness. For Task 3, which focused on identifying
persuasion techniques, the baseline models showed
modest performance. Among the pre-trained mod-
els, M3P achieved the highest accuracy score of
58.62%. This suggests that M3P successfully cap-
tured the distinctive persuasion techniques used in
the memes, highlighting the importance of lever-
aging pre-trained models for identifying specific
persuasive strategies. Overall, the M3P model, with
multimodal features, outperforms the baseline mod-
els in all three persuasion tasks, emphasizing the
importance of analyzing both textual and visual
aspects of persuasive memes, and its success can
be attributed to capturing contextual information,
linguistic nuances and visual cues essential for un-
derstanding persuasive impact.

7.2 Modality Importance

In this section, we highlight the significance of in-
corporating both textual and visual modalities in

the identification of persuasive memes. By leverag-
ing both modalities, we can access complementary
information that enhances our ability to discern the
intent and meaning of a meme. In Figure 7(i) (a) in
the Appendix, we illustrate how relying solely on
the textual modality falls short of understanding the
persuasiveness of the meme. However, when we in-
corporate multimodal information, the M3P model
gains access to hidden cues of persuasiveness, lead-
ing to accurate labeling for Task 1. Similarly, in
the case of sample (b) in Appendix Figure 7 (i),
relying solely on the visual modality proves insuf-
ficient in capturing the hidden cues of the meme.
But once again, with the inclusion of multimodal
information, the model successfully identifies the
correct label for Task 1.

7.3 Explainability and Diagnostics
After training, our M3P model utilizes contextual
information within the memes to justify its pre-
dictions. Using the LIME (Dieber and Kirrane,
2020) technique; we provide locally interpretable
and human-understandable explanations for our
model’s predictions. In the first meme (In Ap-
pendix Figure 8), the M3P model correctly predicts
the persuasive and negatively persuasive labels
based on specific super-pixels corresponding to
the person’s face and words like "Mitro{Friends}"
and "Fek{Throw}" in the text. These visual and
textual elements convey persuasive intent and neg-
ative connotations. Similarly, in the second meme
(In Appendix Figure 8), the M3P model accurately
predicts the meme as both persuasive and nega-
tively persuasive, with certain super-pixels repre-
senting the person’s face and phrases, such as “Dilo
me apni betabiyaan" (restlessness in your hearts)
and “4-5 backlogs lekar chal rhe ho to Engineer ho
tum" (if you are moving forward with 4-5 backlogs,
then you are an Engineer) playing a significant role.
These findings demonstrate how the M3P model
effectively incorporates visual and textual cues to
make precise predictions based on the persuasive
and negative characteristics of the memes.

8 Error Analysis
In our analysis of the error prediction of our top-
performing model (M3P), we identify categories
contributing to misclassification and analyze the
reasons for these errors:
(i) Lack of contextual knowledge: The first cate-
gory relates to cases where the textual and visual
components do not provide enough background or
domain-related information. As a result, the model
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considers these memes as non-persuasive, despite
their superficial persuasive nature, simply because
of the absence of contextual/domain-related knowl-
edge (c.f. sample (a) and (b) in the Appendix Fig-
ure 7).
(ii) Lack of common sense knowledge: The sec-
ond category involves a lack of common sense
knowledge, where our model struggles to intu-
itively reason about everyday situations and events,
resulting in incorrect predictions of the persuasive
class. (c.f. sample (c) in the Appendix Figure 7).
(iii) Due to the longer sentence length: In the
third category, misclassifications occur when the
sentence length is longer than the average, as il-
lustrated in sample (d) in the Appendix Figure 7.

9 Conclusion
In conclusion, while internet memes have become
ubiquitous in the digital landscape, their persuasive
effectiveness remains a significant, yet underex-
plored area of research. This study aims to bridge
this gap by conducting a comprehensive evaluation
of persuasive memes, offering valuable insights
into their impact on society and their potential to
shape public opinion. By filling this void in the
current literature, the research presented here seeks
to advance our understanding of persuasive com-
munication in the digital age, fostering informed
discussions and facilitating responsible meme us-
age.

Limitation
In Section 8, we discussed the limitations of our
proposed work. Our baseline models struggle with
the detection of subtle or implicit persuasive ele-
ments in memes. Some persuasive techniques may
be context-dependent or rely on cultural references
that are difficult for the models to capture accu-
rately. By analyzing these errors, we gain valuable
insights into the limitations and challenges faced by
our model, which can guide future improvements
in persuasive meme identification.

Ethics and Broader Impact
Individual Privacy The resources we created for
this study were derived from publicly available
memes, and we strictly adhered to the restrictions
on data usage to avoid any infringement of copy-
right laws. Furthermore, our study was evaluated
and approved by our Institutional Review Board
(IRB). We plan to make our code and data acces-
sible for research purposes, subject to appropriate

data agreement procedures, upon acceptance of our
study.
To maintain the anonymity of any individual, we re-
placed the actual name with Person-XYZ through-
out the paper. In addition, we also tried to
anonymize the known faces presented in the vi-
sual part of the meme by masking them. We have
masked these faces only to maintain the anonymity
issues in the paper. During the implementation, we
used the original image.
Biases Detecting and removing political and reli-
gious biases is an extensive research area. However,
previous annotation studies show that we cannot
correctly remove bias and subjectivity from the an-
notation process despite having some form of anno-
tation scheme. However, any biases detected in our
dataset are unintentional, and we have no intention
of harming any individual or group. We ensure that
our data collection is generated equally and compa-
rably in order to answer any political and religious
bias queries. Furthermore, we ensure that the topic
includes various issues relevant to the Indian con-
text over the last seven years by using a keyword-
based data-gathering technique. Moreover, we
made sure that the terms included were inclusive
of all the conceivable politicians, political orga-
nizations, young politicians, extreme groups, and
religions and were not prejudiced against any one
group. Based on previous work done by (David-
son et al., 2019) to remove biases from the dataset
during annotation, in our dataset, annotators were
strictly instructed not to make decisions based on
what they believe but on what the social media user
wants to transmit through that meme.
Misuse Potential We suggest that researchers be
aware that our dataset might be abused to filter the
memes based on prejudices that may or may not
be connected to demographics or other textual in-
formation. To prevent this from happening, human
intervention with moderation would be essential.
Intended Use Our dataset is presented to encour-
age research into studying persuasive memes on
the internet. We believe that it represents a valuable
resource when used appropriately.
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Split #Memes Task 1 Task 2

Persuasive Non-persuasive Positively persuasive Slightly Positively persuasive Neutral Slightly Negatively persuasive Negatively persuasive

Train 4800 2818 1982 99 75 978 1261 405
Test 1200 717 483 31 45 226 340 106

Table 5: Class wise data distribution of Persuasive_meme dataset for Task 1 and Task 2

Split #Memes Task 3

Metaphors Hyperboles Personification Alliteration Irony Analogies Puns_and_wordplay Satire Invective
Train 4800 29 466 122 42 1238 275 263 1268 324
Test 1200 5 118 21 7 297 72 73 306 83

Table 6: Class wise data distribution of Persuasive_meme dataset for Task 3

Figure 7: (i) Modality Importance: Test cases where unimodal systems (either text-only model or image-only
model) fail to correctly predict the persuasion class whereas the multimodal system effectively predicted the
persuasion class. (ii) Error Analysis: Mis-classification by the best performing M3P model

Figure 8: Visualization by LIME (Ribeiro et al., 2016) for best performing M3P model.


