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Motivation

* We are motivated by the study of a single agent/group with the intention to
polarize a network of social media users using multi-modal memes.
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Do everything in your power to change the society we live in and fight to
protect our children.

French Cartoon makes statement the entire
world knows US Police target Black people for
death #Blacklivesmatter %®

“If I were to run, I’d run as a Republican.
_ They’re the dumbest group of voters in the
- hF country. They believe anything on Fox
"ol | Il News. I could lie and they’d still eat it up.
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Donald Trump .
People Magazine, 1998 )



Problem Definition

Given a corpus of memes posted by a single entity on social
media, we seek to detect the intention of polarizing.



Map Courtesy of Prof. Stephen Hartnett

Hard right conspiracies—“Pizza
Calls to Violence Gate” —call for violence against
the state and mobilize the
Trump base; Trump wins.

Hard left critique of DNC = anger

toward Clinton and “neoliberalism”;
whether along race, or class, or A
gender lines, this leads to protests

against “the system” and the sense
of political decay; Trump wins.
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Hard right critique of Dems =
apathy for Clinton.
Hard right attack on elections
= repressing the vote in WS,
: o OH, MI, PA, states Obama
Tending toward nihilism :

won but now Trump wins.

Hard left critique of DNC =
creating apathy for Clinton. \
Hard left critique of race =
Af-Ams sitting out the election =
Dems lose, Trump wins.




Problem Definition

Given a corpus of memes posted by a single entity on social
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Dataset

University of Maryland College Park curated dataset
* Internet Research Agency (IRA) data
* 3012 memes

* Notable metadata information:
* URL to the original ad
* |dentifier
* Title
* Description text
* Image URL
* Tags

e “anger” and “fear” tags formed a basis for our class labels: “Violence” and
”Apathy”

e Class imbalance issue



Integrated Multi-Modal Model

Single feature vector required from
separate text and image
embeddings

Image embedding through trained
ResNet50

Text embedding using BERT
language model

Simple horizontal concatenation
with normalization fusion strategy
Fused vector fed into simple feed-
forward network
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Experimental Results

SmallerVGGNet
f Machi . . .
Support Vector Machine Acc. Prec. Rec F1 habalanced Violence 67 078 075 D77
Imbalanced Violence 0.74 045 051 048 Adjusted Class Weights Violence 0.56 0.94 0.0.43 0.59
Undersampled Violence 0.69 0.64 072 0.68 Undersampled Violence 0.56 071 027 039
Oversampled Violence 080 085 079 08?2 Oversampled Violence 0.75 0.73 077 0.75
. Imbalanced Apathy 0.88 0.88 1.0 0.94
Ulndlbalanc‘eld jiathi DBS Dj% 0. ?_'S 0.35 Adjusted Class Weights Apathy 0.88 0.88 1.0 0.94
ndersampled Apathy 0.66 D'E'?_’ 063 0.64 Undersampled Apathy 058 058 065 061
Oversampled Apathy 051 095 087 091 Oversampled Apathy 0.64 0.63 072 0.67
Naive Baves ResNet50
Imbalanced Violence 0.77 0.54 0.58 0.56 Imbalanced Violence 0.76 0.79 0.90 0.84
Undersampled Violence 073 082 070 0.76 Undersampled Violence 0.60 077 035 048
Oversampled Violence 0.77 0.73 0.0 Oversampled Violence 087 087 087 0.87
Imbalanced Apathy 080 023 055 032 Imbalanced Apathy 093 099 093 096
Undersampled Apathy 0.73 076 0.69 0.72 Undersampled Apathy 092 095 0.89 0.92
Oversampled Apathy 0.85 096 0.79 0387 Oversampled Apathy 0.95 [0.99] 092 095
Multi-Modal Fusion
Imbalanced Violence 086 076 070 0.3
Undersampled Violence 085 082 089 0385
Oversampled Violence D.'J'II 0.88 0.95| 10.91]
Imbalanced Apathy 092 057 063 0.60
Undersampled Apathy 082 077 089 0.82
Oversampled Apathy E 0.94




Conclusions and Future Work n

* We present a scalable and automated implementation of polarization
intent detection

* The proposed model can be utilized via transfer learning for similar intent
detection tasks.

 Future Directions
* CoronaVirusFacts Alliance: https://www.poynter.org/coronavirusfactsalliance/
* GeoCoV19: https://crisisnlp.qcri.org/covid19
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