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WARNING: The following talk contain act of
violence and discrimination that may be disturbing
to some participants. Discretion is advised



What is a Meme?

e “An amusing or interesting item (such as a captioned picture or
video) or genre of items that is spread widely online, especially
through social media.” - Merriam-Webster

Do
tutorial
slides early

Do slides
3 hours
before

the tutorial

The dancing baby, 1995 Most popular meme template
all time (imgflip)

glml il ©«y Source: https://www.rd.com/article/best-memes/ - .
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https://www.rd.com/article/best-memes/

What make a Meme?

e Composed of funny , Which are often used as a
form of social or political commentary. A meme will generate
hundreds of different interpretations as it gets passed around,
usually via social media, text and email, as people put their own
personal spins on a popular meme template.

o Funny or humorous (at least to some audience)

o ltis shared or it get viral

o lItis usually template-based

Vo

Dude, racism issstupid. | am black, white
and Asian:But everyone'loves:me.
. So stop the hate and start the love, man.

5 Iu 'I I'E () Source: https://www.rd.com/article/best-memes/ e
—_— I—II I I= . image source: A ~ A‘ St d
SINGAPORE UNIVERSITYOF  TIT Delhi https:/www.facebook.com/story.php/?story_fbid=10150428323881840&id=21785951839&paipv=0&eav A HLUAIO
TECHNOLOGY AND DESIGN i iwsuwsicmico s =AfbUaBMdiXHEoWhhXHrrl3kUa_W1zjDAYen|C-OZvL TuwicQhRY7firCulyX3xEwEoM8&_rdr



https://www.rd.com/article/best-memes/
https://www.facebook.com/story.php/?story_fbid=10150428323881840&id=21785951839&paipv=0&eav=AfbUaBMdjXHEoWhhXHrrI3kUq_W1zjDAYenIC-OZvLTuwjcQhRY7fjrCuIyX3xEwEoM&_rdr
https://www.facebook.com/story.php/?story_fbid=10150428323881840&id=21785951839&paipv=0&eav=AfbUaBMdjXHEoWhhXHrrI3kUq_W1zjDAYenIC-OZvLTuwjcQhRY7fjrCuIyX3xEwEoM&_rdr

Meme used in Social Movements

e Memes are very effective tools to spread ideas and
beliefs

Images of rice and bunnies were used by women in Bernie Sanders memes being used in many
China to spread word about the #MeToo movement settings. Help in advocating his political beliefs

in the country

—|Iu| I = {/:;\ ) source: https://www.bbc.com/future/article/20220928-the-surprising-power-of-internet-memes P
% |-| rl_ ) https://30seconds.com/mom/tip/20171/The-Best-Bernie-Sanders-Memes-More-Than-100-Funn /, ~ A‘ St d
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Meme with a Darker Twist

e Hateful memes - target certain communities and or individuals by

portraying them in a derogatory manner

e Misinformation memes - spread misinformation using humor

Just because | give you
vaccines

w

s D)

\\‘

Ok, I'm tragking you

made with mematic

/Y
Government

A\

Does.not mean that
I’m tracking you
a w x

A a4\
But not because
of vacacines

Image source:
https://www.reddit.com/r/memes/comments/qg7ocn/vaccine _vaccine/
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https://www.reddit.com/r/memes/comments/qg7ocn/vaccine_vaccine/

Can Al understand Memes?

9 You

©® ChatGPT
In ca nad a » They use special This meme humorously contrasts road safety measures between two countries using two different
= techniques.
stickers to slow the car
Top Part (Canada):

e Image: Shows a man applying a sticker on the road that looks like a pothole.
e Text:"In Canada, They use special stickers to slow the car."

e Explanation: In Canada, they use optical illusions (stickers) that look like potholes to make drivers

slow down, enhancing road safety.

Bottom Part (Other Country):

* Image: Shows actual potholes on a road with vehicles navigating around them.

|n my cou ntry' e Text: "In my country, We use the 3D techniques."
. « Explanation: In contrast, the meme suggests that in the creator's country, real potholes serve as a
We use the 3D techniques

A 3‘3" 'A'

natural way to slow down traffic. This is a humorous way to point out the poor road conditions and
lack of maintenance, implying that these unintentional "3D techniques" (actual potholes) slow down
vehicles just as effectively, if not more so, than the stickers.

The humor lies in the exaggerated comparison of sophisticated safety measures in Canada with the
unintended but effective "3D" potholes in the meme creator's country.

M P

v

Explain this meme

Sl e T SocialAlStudio
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Can Al understand Memes?

Q You

Well~l have one

Explain this meme

[0 yoU KNow
1 out of 3 of us .
doesn't have a nobeliprize %

© ChatGPT

This meme humorously depicts a conversation between two famous Nobel Prize winners, Albert

Einstein and Rabindranath Tagore, highlighting an unspoken third person.
Top Panel:

* Image: Shows Albert Einstein and Rabindranath Tagore in conversation.

o Text:

e Tagore: "Do you know 1out of 3 of us doesn't have a Nobel Prize."
e Einstein: "Well, | have one."

e Tagore:"Me too."
Bottom Panel:

* Image: A photograph of Albert Einstein and Rabindranath Tagore sitting together, revealing that
there is no third person.

Explanation: The meme humorously suggests that there is a third, unnamed person who doesn't have a
Nobel Prize, while both Einstein and Tagore proudly affirm that they do. The punchline is that there is no
third person in the photo, making the statement technically true but playfully misleading. The humor
lies in the clever wordplay and the setup that implies a third party when there is none, emphasizing the

accolades of Einstein and Tagore while poking fun at the concept of statistical statements.

SIUM=]
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Can Al understand Memes?

@ You

& ChatGPT
WITH T“E Gnn nIEs This meme humorously comments on the anticipation of a government official appearing to announce
c 0 M I “ G I “ financial benefits for senior citizens in Singapore.

Top Panel:

* Image: Shows a newspaper headline with elderly people sitting on a bench.
e Text:"WITH THE GOODIES COMING IN"

e Headline: "$255 million in Medisave top-ups to be given to Pioneer and Merdeka Generation

Seniors in July."
STRAITSTIMES.COM

$255 million in Medisave top-ups to be given to Pioneer and « Explanation: The "goodies" refer to the financial benefits (Medisave top-ups) that are about to be
Merdeka Generation Seniors in July

" “ N i

distributed to senior citizens.
Bottom Panel:

¢ Image: Shows a government official at a podium.
e Text:"VERY SOON HE WILL APPEAR LIAO"

e Explanation: The phrase "very soon he will appear liao" is Singlish (a colloquial form of English
spoken in Singapore), indicating that the official will soon make an appearance to announce or talk
about these benefits.

\ Overall Explanation: The meme pokes fun at the predictability of government announcements and the
“Env sn 0 “ “ E officials who deliver them. It suggests that whenever there are financial benefits ("goodies") to be
y distributed, it’s expected that a government official will soon make a public appearance to take credit or
|

Explain this meme N I O

inform the public. The use of Singlish adds a local flavor and humor to the meme, making it relatable to

Singaporeans.

—II = 17 ) N .
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Why is Challenging to Understand Meme?

e Multimodality - Recoginize the text and objects in the
Images

e Complex reasoning - Interaction between modalities
(and even the reader!)

e Cultural context understanding - Recognize the cultural
background of the objects in the meme and the
message convey

Al.Studio
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Why is Challenging to Understand Meme?

e Multimodality - Recoginize the text and objects in the
Images

e Complex reasoning - Interaction between modalities
(and even the reader!)

e Cultural context understanding - Recognize the cultural
background of the objects in the meme and the

message convey
Research are done
to advance these
aspects!

Al.Studio
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Tutorial Outline

Part | Partll
Introduction AUDRUEALS
Methods
@ What do you What methods
meme? are available?
Part Il Part IV
Hands-On with Gaps &
MATK Opportunities

@ How to do it?

@ What's next?

SIUM=]

SINGAPORE UNIVERSITY OF IIT Delhi
[ ———

TECHNOLOGY AND DESIGN

\/V

>

[7

AlStudio

12



Tutorial Outline

Part | Partll
Introduction UL UEALS
Methods
@ What do you What methods
meme? are available?
Part Il Part IV
Hands-On with Gaps &
MATK Opportunities

@ How to do it?

@ What's next?

imonus <
of

*ﬁ?

MIIIlElS HIEIWWIIEBE

e Meme analysis tasks such as
meme classification and
explanation, etc.

e Meme analysis models
leveraging Large Language
Models (LLMs) and Large
Multimodal Models (LMMs)

SIUM=]
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Tutorial Outline

Listening
el Mem:?Ar:l:Iysis ho r;oI:ct re
. u u
Introduction Methods
. Guided
@ What do you What methods ' hands-on
meme? are available? ' session
T T ° Hands-.on seSS|.on with Meme
LS Opporiuntics o Data Preprocessing
o Applying various meme
it? ’ ? . .
@ Howtodoit: @ what's next: analysis models for various

tasks

SIUM=] M Al.Studio
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Tutorial Outline

Part | Partll
Introduction AUDRUEALS
Methods
@ What do you What methods
meme? are available?
Part Il Part IV
Hands-On with Gaps &
MATK Opportunities

@ How to do it?

@ What's next?

e Discussion on the gaps in
existing meme analysis
researches

e Dialogue on emerging trends
and research opportunities

SIUM=]
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Part II: Meme Analysis Methods



Multimodal Memes: Images with Short Texts

P

4 ,‘1’
LO\/I‘EéI?I;IE WAY

YOUu SI\}ELL TODAY

w(? cialAlStudio
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https://arxiv.org/pdf/2305.13703.pdf

Understanding Multimodal Memes

What is the
meaning of the
meme?

e

7

LOVE THE WAY

YOU SI‘;ELL TODAY

OH7 SocialAl.Studio
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https://arxiv.org/abs/2005.04790

Understanding Multimodal Memes

Can | understand
it using its meme
text?

.g
-~
N

I

PR | > Mississippi
¢ Wind Chimes

W? cialAlStudio
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Understanding Multimodal Memes

&
i

Three people hanging over
trees

Can | understand
it using its meme

w(? cialAlStudio
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Understanding Multimodal Memes

Joint understanding

‘ ' . . . 4,
- = finvolving both the image 172
AN O
and the text! 9
v

i

The meme is comparing the

|::> hanged people to wind

chimes

SUn=

é’«\ "=,4; / / A »\’ )
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Understanding Multimodal Memes

What is the related
event?

‘Lynchings
in
Mississippi
never

stopped’

Swms © : |
SINGAPORE UHVEESITY OF II"I" Delhi A% A|.StUd|O
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Understanding Multimodal Memes

The hanged people in the image were
died from the slaugter of black people
in Mississippi

The meme is comparing the hanged
people to wind chimes

o

reasoning

The meme is making joke of the slaughter of
black people, by comparing them to wind
chimes. The meme is hateful.

S ~ |
ﬂﬁ_ _IIT Delhi _ o7 Al.Studio
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Major Challenges: Meme Understanding

e Joint Vision-Language Understanding

o Interactions between the image and the meme text

m Visual metaphors

o E.qg., referring “wind chimes” to “hanged people™
e External Knowledge beyond the Meme

o Cultural background knowledge, commonsense

o E.g., the image is related to the slaughter of black people
e Complex reasoning

o Reasoning across modalities; reasoning with knowledge

o E.g., the meme is making joke of the slaughter of black people;
it is hateful

IIIIIIIIIIIIIIIIIIIII

CHNOLO AND

=Sl H;;lhi Al.Studio
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Initial Solutions

e Specially designed architectures for different challenges
o Fusion mechanism: acquire vision-language understanding

o Train models from scratch with task-specific data

Harmful Meme Detection Dataset | Dataset 2 Hateful Meme Detection

\ A
g d
N

=arS (O |
IE'MWE T e o7 SocialAlStudio
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Scarcity of Data

e Three commonly used dataset for hateful meme detection

o Training data: less than 10k

o Annotating large-scale datasets: expensive

Datasets Train Test
#Hate. #Non-hate. | #Hate. #Non-hate.
FHM 3.050 5,450 250 250
HarM 1.064 1,949 124 230
MAMI 5,000 5.000 500 500

e |mpact

o Qverfitting to training data

o Incapability of generalization

Sms O

SINGAPORE UNIVERSITY OF IIT Delhi
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Pre-trained Models

Pre-trained Model

Pre-trained with large amount of data from different sources (mostly unsupervised)
Pre-trained models learn universal representations / good at generalization

=]l = ” :
Sz - S SocialAlStudio
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Outline

e Using PTMs for meme analysis
o Brief introduction to PTMs
o Ultilization of PTMs: fine-tuned/frozen; a single/a composition
o Hateful meme detection: testbed
e Beyond classification tasks
o Interpretation of memes

o Counter hateful memes

SRS O _
:ilpom; UHVEDS%! II”\f‘]‘)/e/lhi /I A|.StUd|O
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Outline

e Using PTMs for meme analysis

o Brief introduction to PTMs

=SS © |
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Pre-trained Language Model

e For Natrual Language Processing

e Unsupervised pre-training

Masked Language Modeling

eating walking 200
- [15% [ 5% | .. | 0% |
Prediction
T s
RoBERTa
Language Model
Random T T T T T T
Masking The cat is [MASK] some food
Input The cat is eating some food

Next Word Prediction

Attention

not

.
e
too Ko

|
P

hard

_-v

shabby

road

cat

likely next
word

1 million other
possible words

unlikely
next word

SETS

SINGAPORE UNIVERSITY OF IIT Delhi
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Pre-trained Language Model

e Transformer architectures

Encoder-Decoder Encoder Only

"l loved her a lot"

[ r
Y

mucho

"La quise mucho" "La quise mucho"

Decoder Only

a lot"

T

"l loved her ..."

SIUM=]
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Pre-trained Language Models

e Architectures of recent PT-LMs

Microsoft DeBERTa (2020)

o Encoder-only

m encode texts; cannot generate texts directly
o Decoder-only

m strong at text generation
o Encoder-Decoder I

m powerful at natural language

understanding tasks

OPT (2022
Meta Galactica (2022)
\ LLaMA !2023

Meta BART (2020)
. Encoder-Decoder _/ Flan-T5 (2022)
Google ./ Flan-UL2 (2023)
N T5(2022)

EMW—IE Al.Studio
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Pre-trained Language Model

e Instruction tuning

o finetuning PT-LMs on a collection of datasets described via

instructions

o improve generalization to unseen tasks

Finetune on many tasks (“instruction-tuning”)
I Ihpugﬂ(VCQmmgnggngg R’gigggningil (

Here is a goal: Get a cool sleep on
summer days.

How would you accomplish this goal?
OPTIONS:
\-Keep stack of pillow cases in fridge.
(-Keep stack of pillow cases in oven. |
Target

keep stack of pillow cases in fridge

Input (Translation)

Translate this sentence to
Spanish:

The new office building
was built in less than three
months.

Target
El nuevo edificio de oficinas

se construy6 en tres meses.

Sentiment analysis tasks

Coreference resolution tasksr

—>

Inference on unseen task type

Input (Natural Language Inference)

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?
OPTIONS:
[-yes | | -it is not possible to tell | | -no
FLAN Response
It is not possible to tell

SIUM=]
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Pre-trained Vision-Language Model

e For Vision-Language understanding (Image-Text)

e Unsupervised pre-training

Masked vision-language modeling Image-Text Contrastive Learning
red parking ~
! o o |
Encoder
hen | (B | [heso| [ha | B | [Hewes h. !
T T, T3 TN
TRANSFORMER R I
> I LTy | ITy | I T3 I Ty
Ccs e Cusa | | €0 e E'rr]’;i%‘;r EEEN . e I;‘T:V il . [nT
[CLS] a [MASK] car is L Iy INT) | InT | IyTs 7 lN-TN‘
%PICFLIJH/IEESEF 1IT Delhi \V4! A7 A‘-StUdK)
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Pre-trained Vision-Language Model

e Transformer architectures

Encoder-Decoder Encoder Only Decoder Only
red ared car.
Encoder —} D¢ r Encoder —} -
What is the What is the Thereiis ...
color of the color of the
car? car?

Sllihsal  © Al.Studio
) \JAI .
ECHNGLoaY AND Desion LI T Delhi .
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Pre-trained Vision-Language Model

e \ision-Language instruction tuning

o Fine-tuned on multiple vision-language tasks via instructions

g D 6 R 6 D & )
Image Captioning Visual Reasoning Visual Conversational QA Video Question Answering
| coco Caption | | GQA | [ VisualDialog | | MSVD QA ]
[ WebCapFilt | Visual Spatial [ wmsrvrroa |
Reasoning :
| NoCaps | s q | iVOA |
lick [ IconQA ] Knowledge Grounded
[ Ehioxea UK. ] Image Question Answering
L. >
[ OKVQA ]
Image Captioning 3 ¥
Reading Comprehension [ A-OKVQA ] 2 - e
[ ScienceQA ] Image .Questwn Answefmg
[ TextCaps ] ( b @ ) | Reading Comprehension
(" B ) OCR-VQA
Image Question Generation | | LLaVA-Instruct-150K [ 2 ]
[ A o= TextVQA
Image Question Answering [ VQAV2 ] [ Visual Conversation ] [ it ]
[ VQAV2 ] [ OKVQA ] [ Complex Reasoning ]
[ VizWiz ] [ A-OKVQA ] Detailed Tage Image Classification
Description [ HatefulMemes ]
& /U J \

SIUM=]
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Outline

o Ultilization of PTMs: fine-tuned/frozen; a single/a composition

Slliims .
SINGAPORE UH/IIESITYOF % VA A|.StUd|O
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Power of Pre-trained Models (PT-VLMs)

e Good tuning performance with down-stream task data
o Expressive vision-language representation
m VisualBERT, VILBERT, LXMERT, OSCAR, UNITER ...

Tuning

TECHNOLOGY DESIGN

IIIIIIIIIIIIIIIIIIIII IIT Delhi
CHNOLOGY AND Tncan Tnsttute of Techaalogy Dolhl

Al.Studio
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Power of Pre-trained Models (PT-VLMs)

e Good tuning performance with down-stream task data
o Expressive vision-language representation
m VisualBERT, VILBERT, LXMERT, OSCAR, UNITER ...
e Strong zero-shot performance with frozen pre-trained models
o Without requiring any adaptation
m BLIP-2, LLaVA, mPLUG-OWL, Instruct-BLIP ...

Tuning Frozen

Iu 770\
—_— (R
SillinEe e LSt
||||||||||||||||||||| IIT Delhi /I s ualo
TECHNOLOGY AND DESIGN Indian Institute of Technology Delhi
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Power of Pre-trained Models

e Using a single model

CHNOLO AND

SRS O
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Power of Pre-trained Models

e Using a single model
e Using a composition of models
o complex tasks requiring several skills

o Hateful meme detection: visual metaphor understanding,
comprehension of the definition of “hateful”, decoding the
underlying meaning of hateful memes ...

Single Composition
o’
e
;||mj A SH Al.Studio
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Utilization of Pre-trained Models

Tuning & Frozen

Single

(®

Composition

®

([(
(e

;IUIWj
||||||||||||||||||||| _UIT Delhi VA A|.StUd|O
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Meme Related Tasks

e Classification
o offensive/harmful/hateful meme detection
o protected category classification
m vulnerable targets of hateful memes
e Generation
o meme comprehension
o sarcastic/hateful meme interpretation
m decoding the underlying meaning of sarcastic/hateful memes
m why sarcastic/hateful

o Counter hateful memes

I AN
— (@)
SlUnn3al  © | A |
o .Studio
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Outline

o Hateful meme detection: testbed

SlnEe ot Al.Studio
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Hateful Meme Detection

e Given a meme, predict whether it is hateful/non-hateful

o hateful: attacks or uses discriminatory content targeting a
person or a group based on their race, religion, gender, etc.

o binary classification

o vision-language classification task

(]1 n1anv4mes

SINGAPORE UHVEDSWF T Delhi '\(L/f\‘r/{[/ /A\ ‘ .StUd |O
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Prevalent Approach: Finetuning PT-VLMs

e Bridging the vision-language gap

o Finetuning PT-VLMs with hateful meme detection data

PT-VLM

Hateful Meme Detection Data

TRUMP COVID19 SCENARIOS TRUMP IS AN ASSHOLE Ter]
AYHE DIES: THE DEEP STATE INFECTED HIM E - UILEARV/S A &
BI HE RECOVERS: IT'S ALL A DEEP STATE HOAX 7 2 C AND Hlll.‘u!!-ls“lmﬁ i

IWISH 1 COULDE
Sl VOTE FOR THAT NEGRO AGAIN CONTROL THE GUNS

Detection
Model

GENDER ROLES IN SOCIETY ARE ([TO a1 Ty

NOT INFLUENCED, || THE MEDIA.

HONEY, GO MAKE M[l
SANDWICH WHILE | TELLYOU
MORE ABOUT IT. >

SIUM=]
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Prevalent Approach: Finetuning PT-VLMs

e Bridging the vision-language gap

o Finetuning PT-VLMs with hateful meme detection data

Tuning & Frozen
Single Direct Finetuning

((®

Composition

%@
="
=

f
Wl

SRS O _
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Limitation of Direct Fine-tunning

e Regard hateful meme detection as a general vision-language
classification task

e Ignore task-specific characteristics

o understanding targets/victims: important

o meme texts and meme image: weakly aligned
e Incoporate task-specific components

o task-specific components + PTMs

No black people in the text

R
SWmE C o |
SINGAPOR EU-IVEl-S Y OF IIT Delhi A7 /A\‘.StUdK) 48



PTMs with Task-specific Components

e Tuning PTMs with task-specific components end-to-end

Single

((®

Composition

Tuning &

Tuning with Task
Specific Components

;IUI'IFrj

S O R IV ERSITY N, IIT Delhi

Al.Studio
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Tuning with Task-Specific Components
e DisMultiHate

o disentangle the representations of hate speech related target
entities

Data Pre-processing| ___________________,
\Intemational Women's Day !
[ Entity Detection ]»—hWomen's empowerment — SSEs RGN ge LatentSpace ............
,Countries best for woman . ! disentangled text representation

Demogr?phic N White, Femgle Latino Hispanic, __| [Text Representation Learning woman 1.0
Detection Female White, Female ( j I’ muslim 0.0
p e R e S PR S S SIS X 1 ’ Text-Target ¥
WO SR NN ge the hag 5 | 1you should treat that the way you 1 > Text Encoder : : black 0.0
. - } TextREe xrt:)f:g?n & r——b:treat you vacuum cleaner when it |— [ {_Disentanglement ;
w J 1

Matching loss
A H .
s ™ ' H
Attention-Based Visual-Target ]__ ' | woman 0.8

) [ M leage Encoder ) L Disentanglement N’L, ' muslim 0.0
! ; . ’ : S
[ Faster R-CNN ]—» ) ; —J |Visual Representation Learning : black 0.0
4 —

disentangled visual representation

Lee, Roy Ka-Wei, et al. "Disentangling hate in online memes."
Proceedings of the 29th ACM international conference on multimedia. 2021.
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Tuning with Task-Specific Components

e Image target entity augmentation

o Explicit mention of targets in texts: more aligned
e Task-specific component: target latent space

o Force the generated joint representation (for meme image and
text) can disentangle the target entities

o Target aware representation

Entities

Black people slaughter in Mississippi
Premonitions
Black people lynched
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~
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Tuning with Task-Specific Components

e TOT: Topology-Aware Optimal Transport

o formulate the cross-modal alignment problem as solutions for
optimal transportation plans

cost matrix: the pairwise costs to align each
elements in the image and the text

- Global Visual Feature Vg
; Mllsm“fn R Global Text Feature 7, Direct input

] n, v

= °
). . . ° : X
| 1IN Bglissssd Koaw. =
G g % e
| I'ransportation ™ -@
<

e
-«

o
g G Plans 8, Sq 8 g’ g‘
=] : Cost e ° ._,€B<_"_§ £ —» 2
% o~} Matrix : : : Y 2 a 5
. ® —
Pakistanis in & ) —> . . '0.. S g ]
. B R ' =
every Indian ; .i, - ° G S
pages 8 d, Kernel b Sinkhorn Dynamic Topology
of S i s [ . S i
{t} Mapping J Iteration Reasoning

Zhang, Linhao, et al. "TOT: topology-aware optimal transport for multimodal hate detection."
Proceedings of the AAAI Conference on Atrtificial Intelligence. Vol. 37. No. 4. 2023.
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Tuning with Task-Specific Components

e TOT: Topology-Aware Optimal Transport

Transportation plan: minimize the cost

Global Visual Feature Vg
Global Text Feature 7, Direct input

n v

o
e
«Q
-«

° e,
2> . 1A 2 I
S PaREE e =
. v o. @, o 8
= Transportation o @ = = @)
i~ O Plans < S ] 8 ot
o r T q - =1 =0
81 — .. s, ey o . _’GB‘_ % a —» 2
: T 2 = > : ‘e @ 7 3 "Q 7?
Pakistanis in ; . % = 8- =
every Indian ; ' B G =3
pages s Smkh(.)rn Dynamic Topology
Iteration Reasoning

SR Al.Studio
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Tuning with Task-Specific Components

e TOT: Topology-Aware Optimal Transport

Pakistanis in
every Indian

pages e

Global Visual Feature Vg
Global Text Feature tg

Aligned representation generation

Direct input

Cost
Matrix

J19poduy
dI'o

R
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Sinkhorn
Iteration
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PTMs with Task-specific Components

e Tuning PTMs with task-specific components end-to-end

Single

((®

Composition

Tuning &

Tuning with Task
Specific Components

;IUI'IFrj

S O R IV ERSITY N, IIT Delhi
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Need of Background Knowledge

What is the smell
of roses?

-

4 g '
LOVE FHE WAY

you SI\; ELL TODAY
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PT-LM: Knowledge Base

e Pre-trained on large corpus of data

o implicit knowledge embedded in PT-LMs

Traditional Knowledge Base PT-LMs as Knowledge Base

Memory Query Answer

“Dante was born in [MAsK]|

(DANTE. born-in, X) - A Y
-‘ '- > M Neural LM st
KB DANTE e symbalic KB b FLORENCE y Memory Access > Florence
Memory Access

born-in

e.g. ELMo/BERT

FLORENCE

Sllinal b Al.Studio
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Prompting PT-LMs for Knowledge!

e Meme images are not comprehensible to PT-LMs

o use a frozen PT-VLMs for converting images to textual
representations

A small red boat on
the water.

PT-VLM

I:'I—IWZ IITDlh SH7 SocialAl.Studio
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Prompting PT-LMs for Knowledge!

e PromptHate:

o Hateful meme classification — Masked Language Modeling

Meme Text: my black boyfriend
Image Caption: a woman and a
monkey

Template: it was [MASK] .

_________________________

Inference Instance

Cao, Rui, et al. "Prompting for multimodal hateful
meme classification." arXiv preprint
arXiv:2302.04156 (2023).

SIS AlStudio
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Prompting PT-LMs for Knowledge!

e PromptHate:
o Hateful meme classification — Masked Language Modeling

o Two demonstrations: contextual information

Prompt
é \ 48 3 ; 1
|| Meme Text: a fast sandwich maker | | Mome Text bestholiday git o Meme Text: my black boyfriend ;
: Image Caption: putting cheese on Image Caption: pig on a white Image Caption: a woman and a '
1 bread - monkey X
i . background , '
. Template: it was good | Template: it was bad Template: it was [MASK] . ]
) A 0 :
ClipCap ]
A
;a‘asl Sandwich maker has mﬂjﬂ?} @

2 -—‘

“ €

| |

ffor
Demonstration: Normal Demonstration: Hateful Inference Instance

Sl S e |
"ﬁ_ _IIT Delhi _ A7 Al.Studio
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Prompting PT-LMs for Knowledge!

e PromptHate:

o Hateful meme classification — Masked Language Modeling

o Two demonstrations: contextual information

o Prompt PT-LMs: leverage implicit knowledge

Prompt
' \ 8 , : : :
|| Meme Text: a fast sandwich maker | | Mome Text: best holiday git for Meme Text: my black boyfriend i
' Image Caption: putting cheese on image Caption: pig on:a while Image Caption: a woman and a | > RoBERTa
i bread - monkey X
i . background . '
. Template: it was good  Template: it was bad Template: it was [MASK] - : generatedl
il } SePes 3 : output
1 2 1 1 ., good: 0.05
CI'Pf - ] bad: 0.95
: ‘asl Sandwich maker has [[@ﬂjj}g_zqm
1 -“‘
“ 1€
— {ior oo
Demonstration: Normal Demonstration: Hateful Inference Instance
=Rl
=S|tin= AlStudio
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PTMs with Task-specific Components

e Tuning PTMs with task-specific components end-to-end

Tuning & Frozen

Single

((®

Composition
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PTMs with Task-specific Components

e Tuning PTMs with task-specific components end-to-end

Tuning & Frozen

Single

((®

Composition

%@
="
=

f
Wl
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Why not Direct Zero-shot?

e Strong zero-shot performance on vision-language tasks

VQA SOTA 2018 (test-std)

fully supervised: 443,757 questions

Zero-shot VQA performance

BLIP-2 (2023)

#Trainable #Tot:
Yes/No Number Other | Overall Bocls Params Parai
d-LSTM+n-I [26, 1 2] 73.46 35.18 4183 ] 54.22 BLIP-2 ViT-L OPT, 5 104M 3.1B 50.1
: - BLIP-2 ViT-g OPT; 107M 3.8B 53.5

MCB [11, 17] 78.82 3828 53.36 | 62.27 BLIP-2 ViT-g OPT(,_7§ 108M 7.8B 54.3
UPMC-LIP6 82.07 41.06 57.12] 65.71 BLIP-2 ViT-L FlanT5y; 103M 3.4B 62.6
Athena 82.50 4419 5997 | 67.59 BLIP-2 ViT-g FlanT5x, 107M 4.1B | | 63.1
HDU-USYD-UNCC 2450 4539 5901 | 6809 BLIP-2 ViT-g FlanT5yy; 108M 12.18] | 65.2
Ours: Up-Down 86.60 48.64 61.15| 70.34

S|lr= , .

SUL= Al.Studio
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Why not Direct Zero-shot?

e Nearly random guess
o AUCROC < 60%; Accuracy near 50%

ick 3 : Sci MSVD MSRV :
NoCaps %" GOA VSR IconQA TextVOA Visdia] HM YizWiz Soe Mot® MSEVTT jvoa
Flamingo-3B [4] : e = s = 30.1 - |s37 |89 - 2725 no 327
Flamingo-9B [4] - B8 A 318 - |s70 |88 - 302 137 352
Flamingo-80B [~] - 67.2 - - - 35.0 - 464 316 - 35.6 174 40.7

BLIP-2 (FlanT5xy) [21] 1045 76.1 440 605 455 43.1 4571 530 298 549 337 16.2 40.4
BLIP-2 (FlanT5xx ) [20] 984 737 446 682 454 44.1 469 520 294 645 344 174 458
BLIP-2 (Vicuna-7B) 1075 749 386 500 397 40.1 449\ 506 253 538 183 9.2 275
BLIP-2 (Vicuna-13B) 1039 716 410 509 406 425 45.1 | 53.7 196 61.0 203 10.3 235

InstructBLIP (FlanT5y; ) 1199 845 484 648 500 46.6 466 | 56.6 |327 704 434 250 53.1
InstructBLIP (FlanT5xy, ) | 1200 835 479 65.6 51.2 46.6 48.5| 541 1309 706 443 25.6 538
InstructBLIP (Vicuna-7B) | 123.1 824 492 543 431 50.1 452 )] 596 1345 605 418 22.1 522
InstructBLIP (Vicuna-13B) | 1219 828 495 521 448 50.7 454 ] 575 1334 631 412 248 51.0

QH? SocialAl.Studio
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Harness the Power of PT-VLMs

e Increasing size: expensive tuning

o Size

of LLMs; same tendency in PT-VLMs

NLP’s Moore’s Law: Every year model size increases by 10x

TECHNOLOGY AND DESIGN

1800
Google
= Switch Transformer
21440 1.6T
m
5
21080 @Ai.-’
g NLP model size and computation are increasing exponentially OGp;_rl'_é
o
¥ 720 B8 Microsoft 1._,203
N T-NLG
o 17B
= & ®  snvibia
3 360 Google OpenAI Google OpenAI Megatronl. M-
= Transformer GPT  BERT GPT-2 838
0.058 0B 034B . .o 1,68
0 c .................................. c ............................. o B
2017 2018 2019 2020 2021
Year
=UIRE
;| lmj U et AlStudio
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Harness the Power of PT-VLMs

e Facilitate a sub-step in hateful meme detection

Single

(€

Composition

Tuning &

Frozen

Facilitate Sub-steps

b 4

S|l fR=]
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Recall PromptHate

e Frozen PT-VLM: image-to-text conversion

o sub-step: image content understanding

A small red boat on

PT-VLM
the water.
= = a@ s 3 . 7
IE'M"THE H%zm &7 SocialAl.Studio
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Limitation of PromptHate

e Generic image captions

o omit crucial details: race, gender, etc.

e Heavily rely on additional image tags: payable

Model Performance
AUC  Acc.
PromptHate (w/0) | 76.76  67.28
PromptHate 8145 7298

;IUIWj

SINGAPORE I yor IIT Delhi
TE Indian Institute of Technology Delhi

Al.Studio
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Probing-based Captioning with Frozen PT-VLMs

e A set of probing questions

o Related common vulnerable targets in hateful content

» Caption2

4

e

Caption2

Probe
Captioning

3] Text-based Meme Detection Model

Cao, Rui, et al. "Pro-cap: Leveraging a frozen vision-language
model for hateful meme detection." Proceedings of the 31st
ACM International Conference on Multimedia. 2023.

SINGAPORE UHVEII]SWF IITCBeIhi ‘AK'J’\ /A\ ‘ .StUd 1O
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Probing-based Captioning with Frozen PT-VLMs

e A set of probing questions
o Related common vulnerable targets in hateful content

e Generate hateful content-related captions

<

“Caption2 |

2

A

I i
Text Captioning

e ]
& Text-based Meme Detection Model

SIUM=]
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Probing-based Captioning with Frozen PT-VLMs

e A set of probing questions
o Related common vulnerable targets in hateful content
e (Generate hateful content-related captions

o Facilitate hateful meme detection

Caption2

A

i

k them out of country}

PromptHate
g : s
\ o) Captioning}—*_Caption2
& Text-based Meme Detection Model
Sl |
%plcgl !IT/IEEWF 1T Belhi (y;/,“‘r:{ f i /A\ ‘ . S tu d (@)
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Performance of Pro-Cap

e PromptHate with Pro-Cap surpasses basic PromptHate significantly

e PromptHate with Pro-Cap achieves comparable performance to
that with additional image tags (payable)

Dataset FHM MAMI HarM
Model AUC. Acc. AUC. Acc. AUC. Acc.
Text BERT 66.10:055 57.12:049 | 74.48:060 67.37+057 | 81.39:001 75.68+1.59
Imagc-chion 56.69:£105 52344139 | 70.20:063 64.18:0381 | 76.461047 73.05:+1.80
VisualBERT COCO | 68.71+102 61.48:719 | 78711059 71.06+094 | 80.46+104 75314144
VILBERT CC 73.05:062 64704712 | 77715190 6948100 | 8411988 78.7041 17
L\'U\'lBT-RCgiOI‘l 72.86:064 65061176 | 79.17:001 70.46+07¢ | 85.48+0.75 79.8312.00
CLIP-BERT 66.97:034 58.28+063 | 77.66:064 68441707 | 82.63:383 80.48:705
DisMultiHate 69.1 1§0,34 62.421_:0,72 78.21;0_61 70.58;1_13 83.69;1_33 78.054+0.73
I PromptHate 76.76+095 67.824123 | 76.21:705 68.08+058 | 87.5140.74 79.38¢1_72|
BLIP 76.80:237 69.204184 | 80.59:087 71.84+7.11 | 87.094146 81.81:1174
ALBEF 7940053 7058050 | 83.24.0935 727741100 | 85494123 80.99:0.80
Pro-CapgrgrT 77502058 68.14.064 | 79.62:001 71.061088 | 89.044 700 82.06+7 92
| Pro'caPPromngalc 80.87:066 72.28+090 | 82.53:049 73.06+0582 | 90.2540 54 83.2511,00'
W|th tags PromptHate | 81455074 72981100 | 79952066 70311064 | 90.961062 84.47+175
—_— Iu — /=
Sl = .
SINGAPORE UNIVERSITY OF \ZMJ /A\ ‘ -StUd |O

TECHNOLOGY AND DESIGN

73



Utilizing Frozen PT-LMs

e Facilitate the rationales of hateful memes
o distill rationales from Chat-GPT to smaller models

o incorporate rationale generation into hateful meme detection

Abductive Reasoning with LLMs tle o ls
I = |
jiven a text: my black boy friend. which is & Rationale: o ) ‘ . ) .
smbedded in an image: @ woman holds a baby The text cou‘ld be seen as f)bjecufymg or reducing a person lo.lhenr race. While the image .ot a
BB, cicase Bt B e LLM woman holding a baby gorilla could be interpreted as a comparison between the black boyfriend|
MR, plcase provi it ot o 41 and an animal, reinforcing harmful stereotypes about race. The potential for the overall message
s reasoned as the harmfulness label: harmful of the meme to spread harmful or offensive content about race and relationships.
Distillation -
oy ,i, : - h IThe meme is harmfull
jovirient l 1 |
| L > LMEncoder - - LM Encoder —
. : ‘
; > Fusion -->» LM Decoder ‘f \:|—> Fusion —Pl LM Decoder |
)t Vision Extractor J L Vision Extractor J = e
The First Fine-tuning Stage The Second Fine-tuning Stage

Lin, Hongzhan, et al. "Beneath the surface: Unveiling harmful memes with multimodal
reasoning distilled from large language models." arXiv preprint arXiv:2312.05434 (2023).

S|ln= |
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Harness the Power of PTMs

e Facilitate a sub-step in hateful meme detection

Single

(€

Composition

Tuning “

Frozen

S|l fR=]
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Memes Tied to Evolving Events

e The dynamic nature of memes

o hateful memes tied to evolving events
m COVID-19, US president election ...

=1l = A ‘
IE'MWE T e o7 SocialAlStudio
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Fully Supervised?

e Impractical to annotate sufficient training examples

o Evolving events

e Hateful meme detection in the low-resource setting

o Zero-shot: PT-VLMs near random guess

o Few-shot: also near random guess

m performance on three benchmarks

wr

Dataset # shots FHM MAMI HarM
Model AUC. Acc. AUC. Acc. AUC. Acc.
OPT-13B N 498,371 50.24107 | 54.14331 50.04035 | 54.94785 59.643.11
OPT-30B - 50.9:300 50.04168 | 54.24430 5054105 | 59.34019 62.3:5.13
OpenFlamingo-3B 4 5134163 4924000 | 43.74051 95034000 | 5724166 35.0+0.00
OpenFlamingo-9B - 59.410_33 52-1t0.72 59.8:*:2_11 50.410_90 63.6i3_15 65.2:1:0_22
Flamingo-3B 4 53.6 - - - - -
Flamingo-9B 4 62.7 - - - - -

SIUM=]
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IIT Delhi
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Inspiration from Triathlon
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SR Al Studio
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Harness the Power of PTMs

e Composition of models

o Tuned PTMs, each capable of an essential reasoning skill in
hateful meme detection

Single

(€

Composition

Tuning

Tuned models with
essential capabilities

SIS

SINGAPORE UNIVERSITY OF IIT Delhi
TECHNOLOGY AND DESIGN P )

Al.Studio

79



Essential Reasoning Skills

e HMD: three levels of reasoning skills

Wmd Chlmes

Skill

Expect Output

Distinguish between Hateful/Non-hateful

Hateful

‘X( SMU | z'g:;;)uting and

INearoRe MANAGEMENT | [nformation Systems
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Modularized Networks

Modularized network

Essential skill acquisition Learning a composer construction

LoRA Module Learning

Converter
hate-speech
A

Language Model o |

hate-interp \l meme—comE |

L 3 A

C

Cao, Rui, Roy Ka-Wei Lee, and Jing Jiang. "Modularized Networks for
Few-shot Hateful Meme Detection." arXiv preprint arXiv:2402.11845
(2024).
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Future Direction

e Composition of frozen PTMs
o decompose complex tasks into sub-tasks

o assign sub-tasks to proper PTMs without requiring tuning

Tuning & Frozen

Single

(®

Composition

;| hrrj T Dethi_ Al.Studio
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Coffee Break :)



Outline

e Beyond classification tasks
o Interpretation of memes

o Counter hateful memes

S|l fR=]

SINGAPORE UNIVERSITY OF IIT Delhi
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Interpretation of Hateful Memes

e Decoding the underlying meaning of hateful memes
o why the meme is hateful

o complex reasoning, background cultural knowledge...

W|nd Chlmes

The meme is making joke of the slaughter of black people by comparing

hanged black people to wind chimes. Therefore, the meme is hateful
towards black people.

EI_ITI'ZI
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o Al.Studio
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Interpretation of Hateful Memes

e Harness PT-LMs (LLMs) for interpretation
o harness the reasoning capability and knowledge in LLMs

Abductive Reasoning with LLMs e < e
iven a text: my black boy friend, which is E Rationale:
mbedded in an image: @ woman holds a baby The text cou'ld be seen as f)bjectifying or reducing a person to.their race. While the image f)f a
- d BB e LLM woman holding a baby gorilla could be interpreted as a comparison between the black boyfriend
M, ) Cascprovide girtionale-lor iow t1emente and an animal, reinforcing harmful stereotypes about race. The potential for the overall message
s reasoned as the harmfulness label: harmful of the meme to spread harmful or offensive content about race and relationships.

1

Lin, Hongzhan, et al. "Beneath the surface: Unveiling harmful memes with multimodal
reasoning distilled from large language models." arXiv preprint arXiv:2312.05434 (2023).
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Counter Hateful Memes

e Converting a hateful meme to be non-hateful

o Only one piece of work!

e Changing meme texts only
o with the help of LLMs

This meme is hateful and should not be shared or promoted on social media. You
are serious and critical when evaluating and generating the content. Suppose that

we want to have a non-hateful meme using the same image. Your task is to generate
the new text such that the new meme is not hatefull and promotes positive views of

this image.
Van, Minh-Hao, and Xintao Wu. "Detecting and correcting hate speech in multimodal
memes with large visual language model." arXiv preprint arXiv:2311.06737 (2023).
Sl
il AlStudio
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Under Investigated ...

e Interpretation of memes
o Post-hoc/Ad-hoc explainable models
e Debiasing of detection models
o e.g., biased towards certain groups in the image

e Correcting hateful memes

More in-depth research: Needed!

AN
— (@)
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o .Studio
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Part Il Hands-On with MATK



Table Of Content

01

DATA PREPROCESSING

Go through the approaches to prepare the memes,

such as extracting useful information and cleaning
text from memes

03

RUNNING EXPERIMENTS

Select the right hyper-parameters such as
learning rate and dropout rate

02

CREATE CONFIGS

Creating model and dataset configurations to
facilitate the model training and inference

04

MODEL ANALYSIS

Analyzing the model’s classification decisions

S|l fR=]
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Understanding Meme Features

How
can | train a model
for hateful meme
detection?

Al.Studio
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Understanding Meme Features

lo0KfaltNIS
%?. w\Mlgh maker

o) 2 u

|

¥
i‘ -1

ilfloundioniwishi
oniclearance

A meme
is comprised of
text and image
information

Sexist Meme

S S0cialAlStudio
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Understanding Meme Features
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Sexist Meme
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Understanding Meme Features

01

TEXT OVERLAY

“Look at this sandwich maker club”

“i found on wish on clearance”

1o 0KfaRtNIS
wmg:h maker

ClUll

eSail
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ainiouni 0n~W|sh
oniclearances

Sexist Meme
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Understanding Meme Features

01

TEXT OVERLAY

“Look at this sandwich maker club”

“i found on wish on clearance”

02

WEB ENTITIES

Woman
Sandwich
Kitchen

lookfaithis

LSt

wq;h maker

lificundlon'wishe
oniclearance™

C|U|l

o4

Sexist Meme
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Understanding Meme Features

01 o7

lookgaithis
iwigh maker 03

C|U|l

TEXT OVERLAY - IMAGE CAPTION
“Look at this sandwich maker club” | “a woman making sandwich in
“i found on wish on clearance” J 4 < the kitchen”
-. . "
wELp -
- .
02 &
WEB ENTITIES
" Woman lilioundfoniwish;
ctenen 0n.clea|rance |
Sexist Meme
SIS ¢F7 SocialAl.Studio
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Understanding Meme Features

01

TEXT OVERLAY

“Look at this sandwich maker club”

“i found on wish on clearance”

02

WEB ENTITIES

Woman
Sandwich
Kitchen

B

eS¢

lookaithis

iwigh makr
cluh

i\ *ﬂ
iiiound un-w'lsh
oniclearancer

Sexist Meme

03

IMAGE CAPTION

“a woman making sandwich in
the kitchen”

04

IMAGE FEATURES

Image coordinates or bounding
box features for various
entities

':||_I1W:l
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Understanding Meme Features

05

CLEANING MEME

Creating meme without
text overlays

lookfauthis

eSail

wmg:h maker

ClUll

px.,;f_,-,

ainiouni 0n~W|sh
oniclearances

Sexist Meme
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Sounds “So Chim” (Complicated)...

How
can | perform these
data preprocessing
steps?

Al.Studio
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MATK: Meme Analytical Tool Kit

Meme Preprocessing

Object Character
Recognition

Image Inpainting

Image Captioning

Image Features

Dataset :>

YAML Configuration

Dataset Config

Model Config

Experiment Config

=

/ Model Training \

Models Architecture

’ Unimodal Approach ’ MultimodaIApproachJ

Data Modules

’ Dataset ’ ‘ Data Collator J

( Data Loader ’ ‘ Data Preprocessing J

ke,

Trained Model Experiments
Checkpoints Logs

Model Analysis

=

‘ Gradient-Based Analysis ’

Pertubation-Based Analysis ’

ACM’MM 2023 (Open-Source Track) - MATK: The Meme Analytical Tool Kit
Ming Shan Hee, Aditi Kumaresan, Nguyen Khoi Hoang, Nirmalendu Prakash, Rui Cao, and Roy Ka-Wei Lee.

S|l fR=]
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MATK: Meme Analytical Tool Kit

Centralized GitHub repository for several meme datasets and
vision-language models

e Help with model reproducibility efforts

e Conserve time & effort in adapting codebase meant for other purposes.
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MATK: Meme Analytical Tool Kit

Centralized GitHub repository for several meme datasets and
vision-language models

e Help with model reproducibility efforts
e Conserve time & effort in adapting codebase meant for other purposes.

Main Building Blocks

©) Pyorch Lightning IIYD -
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MATK: Meme Analytical Tool Kit

Meme Preprocessing

Object Character
Recognition

Image Inpainting

Image Captioning

Image Features

Dataset ‘—>

YAML Configuration

Dataset Config

Model Config

Experiment Config

/ Model Training \

Models Architecture

[ Unimodal Approach ’ [Multimodal Approach}

Data Modules

[ Dataset ’ [ Data Collator }

{ Data Loader ’ [ Data Preprocessing J

Trained Model Experiments
Checkpoints Logs
Model Analysis

=

Pertubation-Based Analysis \

{ Gradient-Based Analysis ’
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MATK: Meme Analytical Tool Kit

Meme Preprocessing

Object Character
Recognition

Image Inpainting

Image Captioning

Image Features

Dataset ‘—>

YAML Configuration

Dataset Config

Model Config

Experiment Config

/ Model Training \

Models Architecture

[ Unimodal Approach l [Multimodal Approach}

Data Modules

[ Dataset ’ [ Data Collator }

[ Data Loader ’ t Data Preprocessing J

Trained Model Experiments
Checkpoints Logs
Model Analysis

|

Pertubation-Based Analysis ]

L Gradient-Based Analysis ’

SIUM=]
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MATK: Meme Analytical Tool Kit

|
Meme Preprocessing

Object Character
Recognition

Image Inpainting

Image Captioning

Image Features

Dataset

—> |

YAML Configuration

Dataset Config

Model Config

Experiment Config

/

Model Training

Models Architecture

\

[ Unimodal Approach ’ [Multimodal Approach}

Data Modules

|

Dataset ’ [ Data Collator }

Trained Model Experiments
Checkpoints Logs
Model Analysis

[ Data Loader ’ [ Data Preprocessing J

‘ Pertubation-Based Analysis ]

{ Gradient-Based Analysis ’
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Blackbox Post-Hoc Model Explainabillity

MATK provides out-of-the-box model analysis tool that derive insights
into model’s performance through

- (a) perturbation-based and

- (b) gradient based techniques

- of mds) (aN)on-HatefuI

Prediction probabilities

. s t
sLladgbid of a senior man.</s> Non-Hateful e o5
radicalization
</ s> Hateful [ 0.87 . =
different
vilifies the muslims by suggesting that o

of
e

they are terrorists.</s> (b)

Integrated Gradient on LIME Analysis
Encoder-Decoder Model on Vision-Language Models
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LIME Analysis

LIME constructs a surrogate linear regression model to approximate
black-box predictions on one observation and neighborhood of the
observation.

It generates random data perturbations into the machine learning
model and tests what happens to the predictions, using this perturbated
data as a training set instead of using the original training data.

I
I

+’0
®
H,'o 2 -

—
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Support Datasets

#Memes

Class

Paper

(Harm-P)

1 Facebook’s Hateful Memes 10,000 e Hateful/Non-Hateful
(FHM)

2 | Facebook’s Fine-Grained 10,000 e Hateful/Non-Hateful
Hateful Memes (FHM-FG) e Protected Category

e Protected Attack

3 | Multimedia Automatic 10,000 | e Misogyny/Non-Misogyny
Misogyny |dentification ° Type of Misogyny
(MAMI)

4  Harmful Meme 3,544 e Harmful/Non-Harmful
(HarMeme, Harm-C) e Target Identification

5 | Harmful Meme - Politics 3,470 e Harmful/Non-Harmful

Target Identification

':|I_|1Tr:l
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Support Models & Datasets

Category Model

15

Flan-T5

Text-Based BART

RoBERTa

PromptHate

VisualBERT

Vision-Language LXMERT
FLAVA

SIUM=]
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Future Development

e PEFT integration for LLMs and VLMs
o LLaMA-3
o LLaVA-1.6

©)
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Future Development

e PEFT integration for LLMs and VLMs
o LLaMA-3
o LLaVA-1.6
O
e More dataset support
o RUHate-MM (Russia Ukraine Hate)

o TotalDefMeme
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Future Development

e PEFT integration for LLMs and VLMs
o LLaMA-3
o LLaVA-1.6
O
e More dataset support
o RUHate-MM (Russia Ukraine Hate)

o TotalDefMeme

We would like to hear your feedback on what will be

e \What will be the most exciting feature you would like to see?
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Future Development

e PEFT integration for LLMs and VLMs
o LLaMA-3
o LLaVA-1.6
O
e More dataset support
o RUHate-MM (Russia Ukraine Hate)

o TotalDefMeme

We would like to hear your feedback on what will be
e \What will be the most exciting feature you would like to see?

e Do you have any comments on how can we improve the current library?

Al.Studio
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Part IV Gaps & Opportunities



Major Challenges & Limitations

e Complex abstraction

o Overlapping snippets, patterned text and irony, sarcasm,
metaphorical content, or implicit harm pose non-triviality
[Chandra et al., 2021, Tuters and Hagen, 2020].

o Sexist memes promote casual sexism, disguised as
humor, irony, sarcasm, and mockery [Siddiqi et al., 2018]

e Subjectivity in annotation
o Harmful memes violate one’s logic and rational thought.

o  Study: Uninitiated annotators incorrectly marked memes
as offensive, simply if their sentiments were hurt
[Suryawanshi et al., 2020a].

o Study: Crowd-sourced workers agreed only 23% of the
time, while domain experts 77% for the misogynistic
memes [Gasparini et al., 2021].

()

Symbol used for anti-semitism
[Tuters and Hagen, 2020]

IDONT Tumi(‘mnr MEMES}

WHAT YOU THINK IT MEMESS

Image sources:

b | Iu | I-I I I-I e I https://external-preview.redd.iymE3ZwDDieWaaBU70VgEDU8uCT73r47b-GCiBW8rWdZk.jpg?auto=webp&s
SINGAPORE UNIVERSITY OF 0T Delhl =14efd7b2e7640b9cc4e0d0c0933220fd369cbde?

TECHNOLOGY AND DESIGN ot e hitps://gumlet.assettype. com/thebrldgechromcle %2F2021-05%2F7556d9d0-d287-4def-826f-420eb80304ab%
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https://gumlet.assettype.com/thebridgechronicle%2F2021-05%2F7556d9d0-d287-4def-826f-420eb80304ab%2FHero_Elf4IhEXUAApPJQ.jpeg?auto=format%2Ccompress&format=webp&w=400&dpr=2.6
https://gumlet.assettype.com/thebridgechronicle%2F2021-05%2F7556d9d0-d287-4def-826f-420eb80304ab%2FHero_Elf4IhEXUAApPJQ.jpeg?auto=format%2Ccompress&format=webp&w=400&dpr=2.6

Major Challenges & Limitations

® Inadequate solutions

O  Too much reliance on hand-crafted features like low-level

grey-scaling, color, photographic, and semantic features,
along with ineffective modelling [Fersini et al., 2019]. /
O  pHash, used for detecting famous personalities and viral pH(ﬁ;

visual artefacts like Pepe the frog and happy merchant
memes, insufficient [McSwiney et al., 2021].

O  Capturing the complex visual role-play along with
higher-order abstract feature learning critical to modeling
memetic dynamics [Zannettou et al., 2020].

Computer Vision

Image sources:
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https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcQiTWA1kRcrVneF3f6sn1_sUz4ymL5oVQWDCGohBDU6f7-TbxFExxbByNyO8ZYPWkc9dfA&usqp=CAU
https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcQiTWA1kRcrVneF3f6sn1_sUz4ymL5oVQWDCGohBDU6f7-TbxFExxbByNyO8ZYPWkc9dfA&usqp=CAU
https://ammarjaved.com/storage/posts/what-is-computer-vision-applications-of-computer-vision.png
https://upload.wikimedia.org/wikipedia/commons/thumb/9/9d/KnowledgeGraph.png
https://www.asksid.ai/wp-content/uploads/2021/02/an-introduction-to-natural-language-processing-with-python-for-seos-5f3519eeb8368.png/1200px-KnowledgeGraph.png
https://www.asksid.ai/wp-content/uploads/2021/02/an-introduction-to-natural-language-processing-with-python-for-seos-5f3519eeb8368.png/1200px-KnowledgeGraph.png

Major Challenges & Limitations

e Inadequate solutions (continued...)

o Over-dependence on specific data preprocessing techniques [Kumar, 2021].
o Difficulties with the applicability of findings and methodologies across different
languages or contexts [Alam, 2022].
o Difficulties in model generalization to new or unseen types of data [Van, 2023].
o Reliance on pre-trained architectures which may not generalize well [Mishra, 2023].
o Problems with overfitting and the need for better tuning strategies [Paraschiv, 2022].
LI
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Major Challenges & Limitations

e Issues with the recent advancements (in large multimodal models)

o Hallucinations (see MiniGPT4 [Zhu, 2023] vs GPT4 [OpenAl, 2023 vs llava-next-72b
[Li, 2024] responses in next slide).

o Lack of inherent knowledge and cultural context.
o Inaccurate detection of implications due to word play, and multimodal incongruities.
o Inaccurate parsing of multiple layers (visual and semantic) in memes.

o Inconsistent multimodal inference (or weak visual integration) (see MiniGPT4 vs GPT4
vs MiniGPT-v2 [Chen, 2023] responses in later slide).

aald .

Image sources:
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https://t3.ftcdn.net/jpg/06/14/01/52/360_F_614015247_EWZHvC6AAOsaIOepakhyJvMqUu5tpLfY.jpg

Major Challenges & Limitations

The image is of a woman sitting at a desk with a laptop in front of her. She is wearing awhite shirt and glasses.
MiniGPT4 Her hair is styled in a loose bun. The background of the image is a white wall with a window visible behind the
woman. The woman appears to be smiling and is holding a pen in her right hand. There is a note or paper on
H H the desk in front of her. The woman's eyes are looking directly at the camera.
Hallucinations y g diroctly
g onna g 00 l" S| “ e This image features a still from a movie or TV show depicting a young woman sitting at a table in what
4 | appears to be a vintage interior setting, possibly mid-20th century. The room has a cozy and lived-in
V\_.iv #Y010 feel, with green walls and vintage decor. The young woman has dark, shoulder-length hair and is
dressed in a traditional, embroidered blouse. She is smiling and looking slightly upwards, as if engaged
ChatGPT
(Gapu, in a light-hearted moment.
.‘Q -
.\a""ef"‘anmv =h Overlaying the image are two blocks of text in meme format. The top text says "gonna go outside #yolo™
| mﬂugm’s‘hg sﬁhumnaue S[ave“ home and the bottom text states "anne frankly i thought she should have stayed home.” These texts are likely

meant to be humorous or satirical, combining modern slang and phrasing with a historical context.

Prompt: Describe the given
i mage l n deta .'l. 1: The |magf3 isa @me featu.nr.\g a still from a ﬁu.n ormlevnsmnshow In fhe foreground, there is a young woman with dark @-r. weamfg a v«fhne
blouse with a high collar, sitting at a desk. She is smiling and looking directly at the camera. The background suggests an indoor setting with a
Havinext-T26 green wall and a window with curtains. There is text overlaying the image in a white, sans-serif font. The text reads, "gonna go outside #YOLO
anne frankly i thought she should have stayed home." The hashtag #YOLO is a common acronym for "You Only Live Once," and the phrase "anne
frankly” is a pun, as it is a play on the name Anne Frank, a well-known historical figure. The humor in the meme comes from the juxtaposition of

the senous historical context with the modern, lighthearted phrase.
Loy

Hallucinated content shown in red highlights for model responses. Even minor hallucinations like “still
from a movie/TV show” (in GPT4 and llava-next-72b), might mislead a model for the inherent criticality.

Image sources:
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Major Challenges & Limitations

Inconsistent multimodal inference

Prompt:

You are a Question/Answer assistant.\n\

Given the context: "Honestly, they should’ve never
boarded a train that mandates uniforms!", and the image
uploaded\n\

you need to decide and justify, which out of the three
categories does it represent best.\n\

Options are: "explicit-hate, implicit-hate, non-hate".\n\
Put this output into a JSON with keys "answer", having
any "ONE" of the given options as a value, and
"explanation”, having justification of the answer choice.

e GPT4 and miniGPT4: Correct decision,
correct reasoning (although miniGPT4
underperforms for implicit cases).

e miniGPT-v2: incorrect decision and
reasoning (misses the visual understanding
significantly).

2 )
e '\"

) ] 3 >
Honestlyjithey should've neVer

./

& train that mandates uniforms! &
t :

Explicit Hate - Mockery/Tnvialization

arded

ChatGPT (GPT4)

miniGPT4

miniGPT-v2

{

"answer™: "explicit-hate",

"explanation”. "The image, coupled with
the text, is a clear case of explicit hate.
The visual content appears to depict a
historical setting of a concentration camp,
which is a symbol of extreme persecution
and genocide. The text overlays
sarcastically suggest that the individuals
should not have boarded a train that
mandates uniforms, which is a gross
trivialization of the forced transportation
of individuals to concentration camps
during the Holocaust. Such a statement
is not only historically insensitive but also
mocks the suffering of victims by
reducing it to a choice of attire, which is
an explicit form of hate speech."

}

-~

“answer”; “explicit-hate”,
“explanation”: “The image depicts a
group of people standing on a train
platform, all wearing uniforms. The
caption, ‘Honestly, they should’ve
never boarded a train that mandates
uniforms!’ implies that the people in
the image are being forced to wear
uniforms, which is a form of hate.
Therefore, this image represents
explicit-hate.”

}

{
“answer”: “non-hate”,
“explanation™ “the image
shows a meme about
passengers boarding a train,
and the text “honestly, they
should've never boarded a
train that mandates uniforms|”
is in an ironic tone The meme
is about the ridiculousness of a
specific choice of attire for
transportation, which has
nothing to do with how one’s
body looks or how safe they
are”

}

Comparison of the responses for a joint - answer prediction and explanation
generation for multimodal hate, using the prompt shown on left side of the slide.

SINGAPORE UNIVERSITY OF
TECHNOLOGY AND DESIGN
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Major Challenges & Limitations

e Data Handling and Quality Issues
o Challenges in handling noisy data from OCR [Nandi, 2022; Mahran,2022].

o Limitations due to unbalanced classes and specific dataset characteristics (e.g., limited
size, language specificity) [Paraschiv, 2022].

o Issues with high dimensionality and computational demand [Kumar, 2021].

o Rich set of features and meta-data, characterizing memes, needs datasets large
enough to enable generalization [Al-Natour, 2021], which is typically scarce.

o Keyword-based platform-dependent memes collection biases the sample space,
over-representing typical memetic characteristics [Fairchild, 2020].

B Harmful Not-harmful W Harmful Not-harmful B Harmful Not-harmful
joe biden democratic NN ] acicans
party

donald trump "P“b:' :‘; black |
barack obama hben';::t; muslim
e . 1an
mike pen governmen te !\ " russian

0 100 200 300 400 0 S0 100 150 200 250 0 10 20 30
# of Memes # of Memes # of Memes
(a) Individual (b) Organization (¢) Community
Comparison plots for the top-5 harmfully referenced entities, for their harmful/non-harmful referencing [Sharma et al., 2022].
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Major Challenges & Limitations

e Rapid evolution

o Harmful memes evolve
quickly, while devising safety
passages over the security

Hate speech prevalence

frameworks.

o Humans generally good at i
understanding new harmful
concepts quickly, which Al e e s {o.0u
systems struggle with [Wang eTa dl rev R AR
et al., 2020].

o Crucial to advance multimodal =" o e
FSL for quick adaptation The percentage of views of violating content people see — before
[Tsimpoukelli et al., 2021] and after FSL was rolled out.

— Iu N Image source: Harmful content can evolve quickly. Our new Al system adapts to tackle it. (facebook.com V)
SRl ¢H7 SocialAlStud
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https://ai.facebook.com/blog/harmful-content-can-evolve-quickly-our-new-ai-system-adapts-to-tackle-it/

Major Challenges & Limitations

e Contextualization -@gj‘yma T0 UNDERSTAND;
o Meme’s background context may span over multiple 74 | - |
levels of abstraction encompassing common sense, o

factual, cultural and situational knowledge [Shang et al.,
2021a; Zhu, 2020; Sabat et al., 2019].

e Platform restrictions

o  Anonymity has obscured racial integrity and
accountability, thus complicating harmful discourse
analysis [Dickerson, 2016].

o Studying content evolution on an actively evolving
community like Gab, using Hawkes process,
under-estimates implications [Zannettou et al., 2020].

— Iu Image sources: 3
—I I-I I-IE NS https://th.bing.com/th/id/OIP.-QoaGz02esZfWRoNITyriAAAAA?pid=ImgDet&rs=1 P /*,_\]/ B i .
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https://th.bing.com/th/id/OIP.-QogGzO2esZfWRoN9TyriAAAAA?pid=ImgDet&rs=1
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https://images.news18.com/ibnlive/uploads/2020/05/1590926604_anonymous-minneapolis-pd-video-message-facebook-may-29.jpg

Major Challenges & Limitations

o Identifying real instigators of harm

o Poe€’s law: Differentiation between online satire and extremism not possible without
critical understanding of the user’s intent [Greene, 2019].

o Regulatory bodies struggle to distinguish anti-democracy extremists from
anti-democratic alt-right factions [Askanius, 2021].

o Caution advised while associating alt-right with culture. Alt-right is a historical
phenomenon that leverages culture as a tool for its propagation [Dafaure, 2020].
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https://i.imgflip.com/1ntwo2.jpg

Future Forecasting

©O000¢€

CHARACTERIZING CROSS-CULTURAL DATA-DRIVEN IN RICH METADATA MEMETIC
VEHICLES OF HARM STUDIES ADDITION TO MODERATION
THEORETICAL
MODEL DATA HANDLING BETTER TRAINING AND APPLICATIONS AND COMPUTATIONAL
IMPROVEMENTS AND ENHANCEMENTS OPTIMIZATION GENERALIZATIONS EFFICIENCY AND
EXTENSIONS ACCESSIBILITY

Image source: https://i.imaflip.com/1ntwo2.jpa
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