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*: WARNING: This paper contains meme samples that are offensive in nature.



What is a Meme?

Any descriptive template of an idea, event, common philosophy, etc., that represents some form of opinion of an
individual, community or society in general.

INTHY CAN VI
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TIME BE LIKE :
HE MEDICAL PROE DON'T HI e ‘
AR I'J' REAS( AN LK BEK Main likh ke} . hoon koijlnifayega
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Definition given by an artist Scott McCloud in 1994: “Amplification by Simpli



5> Different Formats of Memes

Sleeping on my
keyboard. If I

answer, I'm
talking ini my,
sleep:
Cooll Funny Quotes. com

Text with Image (Multimodal)

L

Only Image (Unimodal) "A\WALL\TO KEEP/AMERICA'SAFED) Only Text (Unimodal)




5> Age-wise Use of Meme on Social Media

In another study by Meta, 121,605 different variants of one
B particular meme were posted across 1.14 million status

updates.[ref]

73.4%

of respondents

Share

30% - One does fot simply hure one does ONE DOES NOT SIMPLY
not simply VWORP VWORP
by Into Morder
10% 7
o Into Murrdurr
18-24 25-34 35-49 50+
© Statista 2024 &
Figure: Mobile phone users that shared memes and/or funny Figure: Examples of Meme Vi

images on social networks by age group
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Introduction

Offensive memes Non-Offensive meme

Py
Modi ji says that his mother used to wash Sufi singer Kailash Kher went to meet the
dishes in people's houses, so were his father family of martyr Vijay Maurya and gave a
just as useless as him? check of 10 lakh as assistance.

Aur Btao

Tigeet & JCB T & s 7t

HindiT ratiin

Fool, You were the one who said, take Te'll me, has the JCB come to the
prodigal science, there's a lot of scope in it. neighborhood or not?

Offensive memes??
HIT-Heh VIR
BT

Who will create a Congress-free India???
Me.

It was so small and I've )
since then."




Motivation

Memes have the ability to compress any real-world issues into a strong and powerful way that engages an enormous audience.
Many memes, despite being humorous, use extremism and dark humor to promote societal harm.

No existing work involving Hindi Language (Devanagari, Code-mixed Hindi-English) for memes.

Detecting an implicitly offensive meme is challenging due to the need for the presence of confounding variables such as
Background context of the meme, mental state of the meme creator.

Contribution

e  Identification of offensive memes (Code-Mixed Hindi English )

e  To understand the obscure text and image behavior, we try to differentiate memes based on their explicit and implicit nature of
offensiveness.

e A novel multimodal Hinglish dataset for identifying offensiveness in online memes, referre

(Code-Mixed Hindi-English Offensive Meme).




Problem Definition

e  We aim at solving two tasks in the end-to-end framework: (i) Offensive meme detection, (ii) Explicit/implicit offensive meme
detection

e Letevery meme S'= {T, V} is a set with text T'= (t'!,t2,...,t¥), image V! with the shape (224,224,3) in RGB pattern.
Our goal is to create a multi-task learning framework which predicts the correct label of each task, i.e., y, < {offensive,
non-offensive},y,, < {explicit, implicit} for each S'.




5 Dataset Sample

Duniya ko lagta h ki modi

ji ne Congress ko haraya Fine-grained Information: Emotions: Irritation,

Disappointment, Sarcasm: Yes, Sentiment: Negative
Sentiment

Explainable Text: It is created to target a political
party/leader. This meme is about ridiculing at
Congress Party’s continuous defeat.

They don't know about
me

English Translation: The world thinks Person XYZ defeated
Congress, they don't know me.




5> Dataset Statistics

Level 1 Level 2 Sentiment Sarcasm Emotions
Split  #Memes
Offensive Non-offensive Explicit Implicit Positive Neutral Negative Yes No Fear Joy Surprise Sadness Anger
Train 6000 4020 1980 2133 1887 961 2092 2947 3431 2569 332 1228 808 2576 410
Test 967 639 328 341 298 126 358 483 571 396 171 278 54 329 481

Table : Class wise data distribution of CM-OFF-meme dataset (Here test set is the in-Domain test dataset)

Level 1 #memes Level 2 #memes
Non- offensive 352 implicit 87
Offensive 165 explicit 78

Table: Class-wise distribution of out-of-domain test set
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5> Proposed Architecture
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Figure: Our proposed multitask Model for Offensiveness identification
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Results

Modality In-Domain test set Out-of-Domain test set

Model Task 1 Task 2 Task 1 Task 2
T ! Acc T F17 Ace 1 F11 Ace 1 F11 Acc T F11
L_Char v 36.72 33.14 38.73 37.81 25.90 25.12 31.69 34.83
L_FT v 38.91 36.21 34.81 30.83 28.09 28.19 27.77 27.85
e m-BERT v 49.96 43.41 40.71 38.12 39.14 35.39 33.67 35.14
VGG-19 4 36.77 35.92 38.35 32.71 25.95 27.90 21.73 29.8
ResNet 4 70.33 68.83 45.98 45.08 59.51 60.81 38.94 42.10
ViT 4 50.63 49.02 36.42 3491 42.01 41.62 29.71 32.32
. Char+VGG v 4 49.01 47.38 33.62 3242 38.19 39.36 26.58 29.44
Baseline LSTM+VGG v v 39.15 41.47 40.63 35.61 28.33 33.45 33.59 32.63
mBERT+ViT v v 5591 50.81 38.18 35.49 39.91 39.90 31.14 33.12
LXMERT v v 65.05 39.41 58.41 58.08 57.11 40.01 42.11 333
M. Baselines VisualBERT v v 70.41 69.45 53.58 52.79 64.58 58.82 48.55 27.8
mCLIP 4 4 72.23 65.76 55.28 54.58 39.64 38.41 37.10 26.1
BLIP v 4 67.49 64.23 48.16 44.95 65.82 61.24 63.28 39.44
ALBEF 4 4 67.46 62.71 49.21 47.83 49.02 47.90 49.21 36.46
U. Ablation SUTFEKE v 59.21 51.84 48.72 44.62 59.03 51.81 47.93 45.6
SUVFEKE v 61.03 55.95 49.94 48.04 53.65 49.60 51.84 42.45
Ab?tio M v v 61.35 58.6 56.01 52.03 50.53 50.58 48.97 49.05
M. Ablation SFE v v 71.97 63.11 53.43 54.41 61.15 55.09 46.39 51.43
SKE v v 69.07 66.29 57.74 55.78 58.25 58.27 50.70 52.80
Proposed $SM_{FE}"{KE}$ 4 4 70.94 67.11 60.39 60.75 60.12 59.09 53.35 57.77

Table: Results for Task 1 and Task 2 of baselines, variations of the proposed model, shown as Ablation and the prop
is trained following single tasking. T: Text, I: Image, Task 1: Offensive/Non-offensive, Task 2: Explicit/Impli
Macro-F1 score.



Results

Modality In-Domain test set Out-of-Domain test set
Model Task 1 Task 2 Task 1 Task 2
T ! Acc 1 F11 Acc 1 F11 Acc F11 Ace F11
L_FT v 40.42 38.62 43.72 42.53 38.68 36.64 41.57 41.51
m-BERT v 65.92 64.56 46.83 41.74 64.43 62.58 41.03 40.78
VGG-19 v 58.16 49.43 49.43 47.23 56.71 47.45 46.72 46.17
ViT v 56.02 51.03 51.03 47.44 54.98 49.30 46.48 45.71
L_FT+VGG v 4 42.15 48.71 46.41 45.23 41.11 47.73 44.27 4421
Baselines
mBERT+ViT v v 70.33 68.83 45.08 45.95 69.29 67.35 43.99 43.93
VisualBERT v v 67.32 67.03 51.77 46.09 58.39 61.46 61.11 38.66
mCLIP v v 72.12 66.34 54.53 53.88 41.01 40.09 38.67 274
BLIP v [4 70.26 64.04 48.65 46.98 63.67 60.43 64.64 42.00
ALBEF v 4 68.58 62.72 48.69 47.00 41.40 41.05 43.55 29.33
UTFEKE v 65.73 66.01 59.27 53.91 59.73 58.41 55.93 53.82
UVFEKE v 64.92 67.85 54.71 52.78 61.97 59.73 54.38 55.59
Ablation M v [ 68.14 65.25 68.14 58.88 60.42 57.17 58.72 55.35
M-eeting v 4 70.6 66.79 55.73 52.39 58.8 54.83 51.92 49.95
MFE v 4 72.80 69.99 62.46 63.45 66.42 59.63 57.81 57.34
MKE v 4 71.76 69.67 69.96 65.83 63.81 57.94 56.54 54.96
Proposed M“:KE v 4 73.42 70.33 67.25 67.37 68.42 61.38 62.63 60.84

Table: Results for Task 1 and Task 2 of baselines, variations of the proposed model, shown as Ablation and the pr
is trained following multitasking. T: Text, I: Image, Task 1: Offensive/Non-offensive, Task 2: Explicit/Implicit



5 Qualitative Analysis

In-domain test samples out-of-domain test samples

(a) (b) (@) (b)

: i : ' i Sonakshi: Have you seen

"Why "{Dil Ka Darival" was Pakistani's after watching the collapse Don.t use phone while s =

wast)wlec{i away vay of Indian top order. Now, my heart got playing pubg or else | will kill ~Ramayan?Yes. Who killed
cold finally. you. the deer? Salman khan.

Pakistanis after watching the
collapse of Indian top order.

Sonnksl‘ﬂ \
-

Ramayan\Qgkha?

Hiran Ko Kisne!

-
15:47 - 10 Jul 19 - Twitter for Android Mara Tha

M: Non-Offensive, ---

M: Non-Offensive, ---

M: Non-Offensive,
Meg: Offensive, implicit

M: Non-Offensive, ----
Meg: Offensive, implicit

Mee- Non-offensive, ---
KE s s KE
M : Offensive, implicit M

Mrg Non-offensive,---

KE . . - KE
M - Offensive, implicit M - Non-Offensive, ---  NOTORGHSVE: e

Predictions

KE. i
Mgg™": Offensive, implicit MeeE: Offensive, implicit Me£E: Offensive, explicit

MFEKE: Offensive, implicit

Figure: Case studies of the proposed model for in-domain and out-of-domain test sets.



Qualitative Analysis (Domain Generalization

Today's girls may not be

I have come to remove He was a Hindu, that's why | When South Indians go

poverty, your didn't cover the news, if he was into dark: able to make round
grandmother also came a Muslim. | would have cried bread. but they make
for the same. beating my chest so much that round balls with hookah

the whole world would have with great enthusiasm.

come to know that someone
has died in India.

ST -~ = — Hindu thaisliye ian j j i S
BAREEBI IIATANEA_‘;'A "“"‘} Soversing kiy\; South Indian jab andhere me jate hai tab:
! - 1

im hota to &Td1 peet peet ke
na rota ki poori duniya jaan
jaati ki Bharat me koi mara hai

w

S M Non-Offensive, M: Non-Offensive, M: Non-Offensive. I1: Non-Offensive
2  MKE offensive MeeRE: Offensive Mg Offensive 1MpeiE: Offensive
=

o

o D1: Political D2: Religious D3: Racist D4: Sexist

Figure: Case studies of the proposed model for domain generalization.




57 Error Analysis

Chutiya is not an abuse, it is Those who become heroes by making black hair There is only Modi ji in India who talks i i
the love of friends. golden, | swear they don't look like heroes but german about Mann ki baat without drinking. 1 Overgenerallzatlon Of a few Slur
shepherd. words
CHUTIVAIS NOTGAALL _ e """"“ S India mein sirf 2. Lack of common sense knowledge
Modi ji Hain Jo 3. Model overfitting of contextual
bina piye Mann ki
" knowledge
baat keh dete hain

: . ~
. B ) . 'l-\—
IT'S DOST KA PYAR xh::-hs: hero nhi German Safed )’:@3\2,‘“

Actual Label: Non-offensive Actual Label: Offensive Actual Label: Non-offensive
MFEKE: Offensive MFEKE: Non-offensive MFEKE: Offensive

Figure: Test cases where proposed model MKEI__E fails




5> Conclusion

> We introduce a novel end-to-end multitasking framework for offensive meme identification in Hinglish memes.

> Our proposed framework leverages memes’ contextual knowledge and psycholinguistic aspects using two pre-trained encoders:
(1) knowledge encoder and (ii) fine-grained information encoder.

> Subsequently, we use these encoders to create a robust classifier with state-of-the-art performance.

>  Empirical evaluation across diverse datasets demonstrates capability of capturing complex relationships between textual and

visual components.
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