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From Photo Shoebox to Social Multimedia

300 million photos uploaded to Facebook every day.
Videos

4 billion videos watched per month on YouTube.

Social media

30 billion content shared on Facebook per month.




Social Sharing -> Opinion Expression




Tracking the Sentiment on Social Media

Heat Maps of Sentiment on Twitter

Twitter Heartbeat
(SGI/Uni. lllinois)

Hurricane Sandy US Presidential Election 2012
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ARTPOP Makes Me Glow

Pe O I e a re “ Without this woman | would not find happiness. | would not have this
p *&) wonderful family. #GagaYouAreOurHappiness
pic_twitter com/zphA4eOUS

S h a ri n g = View photo 4 Reply t3 Retweet M Favorite *** More
Mikey™

R i C h E m Ot i O n S 7 You're my baby, my headache, my love, my smile, my frown, my wrong,

my right, my pain, my happiness, my everything. You're MINE

Brain Pickings
For Mental Health Week, the science of how our mind-wandering is

e TaTars

robbing us of happiness | mp/13QCHcz

Search for “Happiness”

Damn Its TRUE!
When you really care about someone, their happiness matters more than
Yours.

Facts About Girls!
! Your happiness depends on you, & only you.

Mikki Woods
d The only keeper of your happiness is YOU. Stop giving ppl power to
control your smile, your worth, your attitude.

Sol
There is no iPhone app for happiness... Disconnect and reunite with the
real world. £Zilla

Because We're Rich
Whoever said you can't buy happiness_ \Was shopping at the wrong
store.
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The Power of Social (Visual) Multimedia
- A picture is worth one thousand words

Example Tweets

@BarackObama: Four more years. @BrynnaNY: Rollercoaster at sea.




Research: Which 1000 sentimental concepts in pictures?

-- Web + big data + computer vision + psychology
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PENSIVENESS

Psychology emotion wheel
(24 emotions, by Robert Plutchik) Plenty on the Web:

“For content to go viral, it needs to
be emotional,” Dan Jones




Research: Which 1000 sentimental concepts?

-- data mining to discover visual sentiments in social media

Build
Sentiment @
Ontology

Select

Psychology emotion Adj-Noun Pairs

wheel (24 emotions)
Analyze tags with
strong sentiments




Concurrent tags with emotions

terror amazement disgust

From 6 million tags on Flickr and YouTube
Color code: text sentiment values

S.F. Chang




Frequent Photo Tags Related to Emotions
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concepts/entities are detectable!

n 1000 concepts to focus in pictures?




Target Concepts for CV — Adj-Noun Pair

e Adjective (268): needed for expressing emotions
e frequent positive Adj: beautiful, amazing, cute
e frequent negative Adj: sad, angry, dark

* Nouns (1187): feasible for computer vision

 Noun categories: people, places, animals, food, objects,
weather

e Standard steps:
— remove named entities like “hot dog” via wikipedia

— Choose sentiment rich ANP concepts by tools
“Senti-WordNet” “SentiStrength”

S.F. Chang







Image Datasets

About 0.5 million images over 3000 concepts
# images on Flickr per ANP

500 1000 1500 2000 2500
# CC images downloaded from Flickr per ANP

1000 1500 2000 2500
ANPS




Visual Sentiment Ontology (Browser)
Visual Sentiment Ontology [ ! THlN

Home :- Ontology - Adjective Noun Pairs - Downloads - About

Ontology :: Emotional Mapping * gl
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L. » happy smile

2. » innocent smile

. » happy christmas
i. » happy father

5. » happy wedding

5. ¥ friendly smile

¢ delicious cupcake

4. » shy smile

3. ¥ charming smile
10. » happy birthday

L. » warm smile

2. » happy mother
13, » happy halloween
i ¢ delicious drink
15 » happy heart
LE. » happy kids

¢ healthy food

18. » happy guy
15 » fresh food
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Visual Sentiment Ontology (Browser)

Home :- Ontology - Adjective Noun Pairs - Downloads - About ViSUBl SBI‘ItiITIEEI'It Ontﬂlﬂgy h! "'m.i

Ontology :: Treemap Visualization

NEGATINE NEUTRAL POSITNE




Next Step:

Teach Machine to Recognize Visual Sentiments

Psychology emotion
wheel (24 emotions)

Build
Sentiment
Ontology

I Train Classifiers

Select l

Adj-Noun Pairs Performance
SAD EYES - Filtering

& SentiBank
(1200

" Sentiment Detectors)

Prediction

S.F. Chang




Standard Classifier Training

e LibSVM, 5-fold cross validation

* Features
— RGB Color Histogram (3x256 dim.)
— GIST descriptor (512 dim.)
— Local Binary Pattern (52 dim.)

— SIFT Bag-of-Words (1,000 codewords
2-layer spatial pyramid, max pooling)

— Classemes descriptor (2,659 dim.)
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Performance vs. Features

F Score (Color)
~*F Score (GIST)
F Score (LBP)
*~F Score (BOW)
F Score (Attribute)

1000 1200 1400 1600
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Performance vs. Fusion

F Score (Early Fusion)

F Score (Weighted Early Fusion)

F Score (Late Fusion)

F Score (Weighted Late Fusion)

800 1000 1200 1400 1600

S.F. Chang




Application: Live Sentiment Prediction

Visual Sentiment & °
0 ntology h!’ nl..|L |1,._m111.'|_i -_ -

1200” <z z
Classifiers Predict Sentiment

PhotoTweet Stream:

<

Positive?
Neutral?
; Negative?
True stuff. | have mafae

PR R o o ——
@nickespo89 #groundzero #hurrid™ <

#newjersey
@charleslawrence Ouch mr pOlice MaNn  @radiodario




Viewer Response Depends

 Responses depend on viewer’s perspective
 Multi-user sentiment AMT labeling over 2000 phototweets

Amazon Mechanic Turk Sentiment/Emotion Label:
(image-based labeling)
‘ worker 1: Positive, trust:acceptance
A 63€Y5m B (50~ worker 2: Neutral, interest:unlabeled,sad:pensiveness

 worker 3: Positive, interest:interest
hbo matteriow s*all

w Yo ST B0 (text-based labeling)
:" - worker 1: Positive, joy:serenity,trust:acceptance
=y, SEU-S-?,--*' 4, worker 2: Positive, anger:neutral,interest:interest,joy:serenity,trust:acceptance
- worker 3: Negative, sad:sadness

True stuff. | have mad

respect for all the ladies | (text-image-based labeling)
that DO NOT give in to worker 1: Positive, joy:serenity,sad:neutral

worker 2: Positive, interest:interest,joy:joy,sad:neutral,surprise:distraction

abortion. s : )
worker 3: Positive, joy:serenity,surprise:neutral,trust:trust

@nickespo89




Response also Depends on Topic

e Text more controversial than image in invoking responses

* Response inconsistency varies across topics

B 3 different (image based) ® 3 different (text based)
u 3 different (text-image based)




Sentiment Prediction Performance

Sentiment
Prediction Accuracy

Text
Visual

Text-Visual
(Joint)

S.F. Chang

Examples

young_teen happy_heart young_friends fat_girls happy_face
cute_girls fluffy_cat sweet_girls cute_dog friendly_smile
funny_kids

young_friends cold_feet stupid_hat heavy winter
waiting_area crazy_hair stupid_sign fat_face harsh_winter

happy_heart sweet_girls friendly_smile traditional_wedding
grumpy_face young_teen handsome_face beautiful_flower
wedding_friends happy_wedding

violent_crime bad_guy dark_blood clean_air
ancient_sculpture funny_comic angry_men gorgeous_girls
tired_eyes tired_men dark_death dark_eyes traditional_tattoo

sweet_child great_night tired_eyes creepy_horror
dark_places dark_blood dark_woods wet window dark_room
favorite_book young_friends dark_death weird_face
hardcore_band favorite_club hardcore_punk




Conclusions

e Effort to build visual sentiment ontology
— Psychology and Web folksonomy
— Unique adjective-noun pair concepts
e |nitial results in large-scale detectors
— Ontology 3000 concepts, SentiBank 1200 detectors
— Datasets (0.5 million images) and tools available
e Applications
— Multi-modal sentiment monitoring
— Intuitive visualization tools




Open Issues

] GoodResuIts
 Improve detection =

of objects and

sentiment attributes

— E.g., object/scene
aesthetic attributes,
face emotions




Open Issues

e Generalization

— Adapt ontology and detectors to different
domains, data types like video, etc.

* Relation with Audience Sentiments
e New applications — editing, recommendation




