Assistive Image Comment Robot

Teaching Machine to Suggest Social Comments
Relevant to Image Content

Shih-Fu Chang

Digital Video Multimedia Lab, Columbia University
ECCV, September 2014

Poster/Publisher .
Images/Video

\V/
Responses:

Comments,
Actions




Story Sharing -> Opinion Responses




£ |9 ¢ [§
( h Viewers

I m a ge S Evo ke Poster/Publisher ‘ Images/Video ‘ = \Q (T”k@p?

- > < dladied
Emotional Responses - T e

wow... looks awesome in large!!

The illumination of colors are so natural and
beautiful. like this picture

| e lost cat posters always make me cry - I'd be
terrified if one of my kitties went missing :-(

Looks delicious, | love lassi




Goals: Asssitive Social Communication

Assistive
Comment & lovely moody shot
Robot w - so peaceful! Comment
/ ? \ Suggestion
Edi® Post ﬂ
Comment ce

e Facilitate Social Communication

e Validate computer abilities in
— image content recognition

— Detect cues of response evoking
sentiment/emotion

— comment synthesis
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For Content to be Viral, it Needs to be Emotional

- Dan Jones

PENSIVENESS

Visual concepts Evoke
Emotions

Psychology emotion wheel
(8 emotions, by Robert
Plutchik)




First, discover “emotional story” in images

-- Web mining to discover visual concepts in social images

Build
Sentiment @
Ontology

Select

Psychology emotion Concepts

wheel (8 emotions)
Robert Plutchik, ‘91 Analyze tags with

strong sentiments

Borth, Ji, Chen, Breuel, Chang, Large-Scale Visual Sentiment Ontology, ACM Multimedia 2013




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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From Computer Vision Perspective:
Not all concepts/entities are detectable!

-- which 1000 concepts to focus in pictures?




Computational Focus —
Adjective-Noun Pair (ANP)

e Adjective (268): express emotions
e positive: beautiful, amazing, cute
e negative: sad, angry, dark
 Nouns (1187): possible detection
 people, places, animals, food, objects, weather

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

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

S.F. Chang







Images + Emotions in Different Languages
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Emotlon keyword clouds (in English)

emotion queries performed in Flickr after translating 24 emotions words from English to 15 other languages
- kept languages which have at least 100k results (search on full metadata: title, description and tags)
- word size is proportional to the number of fIickr results

trust trusd oy ‘e"°|’,ie
Intel'eStJ°Y §af|"st)Ffse Wt%rest

fear

“~fear “~ SUrpPrise

vigilance

(i) english (top: interest, joy, trust) (ii) spanish (top: joy, grief, surprise)

rage interest st terrqare

terror bor d Tit J yp b
1 8

penswenessm;sen,ty f Y interest

sadness
distraction

(iv) chinese (top: terror, joy, boredom) (v) german (top: fear, joy, interest)

(iii) french (top: surprise, joy, interest)

.zjoySrief
sadnesgs ~ -

(vi) arabic (top: sadness, grief, joy)



Multilingual Emotion-Related Concepts for ‘joy’

. filtering rules: non-neutral sentiment, 100 exact matches on Flickr, sorted by co-occurence with ‘joy’

English (joy) Spanish (alegria) French (joie)
#1 beautiful girl aire libre (open air) bonne humeur (good mood)
#2 happy child feliz dia (happy day) plein air (open air)
#3 beautiful smile feliz cumpleafnos (happy birthday) belle plage (beautiful beach)
#4 happy birthday libre lucha (free fight/wrestling) bonne année (happy new year)
#5 cute love buen tiempo (good time) belle femme (beautiful woman)
#6 beautiful game natural belleza (natural beauty) belle fille (beautiful girl)
#H7 happy smile grande agua (great water) parcours ludique (fun trail)
#8 happy living simple vida (simple life) quotidienne vie (everyday life)
#9 beautiful portrait libre mundo (free world) grand soleil (great sun)
#10 beautiful man belle fleur (beautiful flower)

mejores amigas (best friends)




ANP Ontology nown)

e 6 levels

ANIMALS

FLORA

PERSON

OBJECTS

NATURAL PLACES
MAN-MADE PLACES
VEHICLE
FICTIONAL_CREATURES
FOOD
ABSTRACT_CONCEPTS
ART_PHOTOGRAPHY
EVENTS

ACTION
WEATHER_CONDITIONS
TIME

S.F. Chang

M animal / animals
M flora
PERSON
I OBJECTS
I NATURAL PLACES
B MAN-MADE PLACES
B vehicle
I FICTIONAL CREATURES
B food
[ ABSTRACT_CONCEPTS
B ART_PHOTOGRAPHY
B EVENTS
ACTION
Il WEATHER_CONDITIONS
| TIME




ANP OﬂtO'Ogy (adjective)

e adjectives (2 levels)
weather (stormy, cold, sunny)
people (young, attractive)
animals (cute, fluffy)
places (haunted, misty)
food (yummy, salty)
object (colorful, beautiful)

S.F. Chang

M weather condition
M people
animals
M places
B food
B object




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

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

Ontology :: Emotional Mapping * gl
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10. » happy birthday
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LE. » happy kids
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18. » happy guy
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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




Image Features

Generic features
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)

Attribute descriptor (2,000 dim.)

Special features
— Object detection (people, objects, etc.)
— Aesthetics features (color schemes, layout, etc.)
— Face and attributes
— Improve accuracy 9%-30%

S.F. Chang




Aesthetic Features

Dark Channel [He et al. ‘09]
e minimum of local intensity

Sharpness [Vu et al. ‘11]

* sharpness of local image regions
by spectral and spatial measures

Depth of Field

e wavelet decomposition in HSV
color space (low vs high)

Color Harmony [Nishiyama et al. ‘11]

e Using local histogram of Moon-
Spencer model, which defines
compatibility of two color values

(example of compatible color)






What Do Humans Expect to See?
- from small annotation experiments

e ! %
_L K ik : . B s =l b o2 —_—
Jules3000@flickr HIKARU Pan@flickr houseofduke @flickr masochismtango@flickr

“Smiling dog”: tongue visible, mouth open, face camera, close shot,
pink tongue, open mouth, frontal dog face

3 ]
houseofduke@flickr o

“Tired dog”: lying on floor or surface, closed eyes, yawning, resting,
no action, fore legs, paws, face on floor



So, Need to Link to Objects + Attributes

Bahman Farzad @flickr

Soft Adj. Labels
ConceptNet,

SentiStrenth,
INEREELEN

Weighted SVMs:

ANP Classifiers +

Feature selection:

SamFanl1@flickr

Training Images of Same
Noun (e.g. dog)

Mg Object (noun) Detector
zoompict@flickr H OG, D P M

Feature Extraction Discard
* object/background/whole S
e SIFT, GIST, LBP, color
e aesthetics (symmetry,
white balance, etc.)
* composition (object
size, position)

==

Adjectives:
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Hierarchical: Object + Affect Attributes

Testing Images

| |

g

B

e o
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d 5

e Testing

Fuse
Noun Score:

Max Score
Output:

) ; . de@fli Karf Oohlu@flickr llinol flicki N@fi
houseofduke @flickr NiH@google+ green_lover@flickr epsos.de@flickr @ rollinoldman @flickr paevalill@flickr ccdoh1@flickr flatworldsedge @flickr



Tricky Issue: Concept Subjectivity

* Subjective attribute s are
highly overlapped

epv

— E.g., cute dog, fluffy dog, plavf,yl ..muddy

cuddly dog cuddly 51177 S scared
I |ﬂllB|Y g tired friendly
e Solution - = .
wse tyE. =“I’Iul"fy dirty

— Need a way to handle soft
label overlap

— Model overlap proportion in
SVM




The «SVM Algorithm

F. Yu; D. Liu; S. Kumar; T. Jebara; S.-F. Chang. xSVM for learning with label proportions. ICML13

Label
e Large-margin framework: prediction loss proportion loss

N
.1 7

st Vie,, i €{-1,1}

® |earned with alternate optimization or a relaxed convex form
® Formulation:
Image set of “Fluffy Dog” has proportion p, being “Cut Dog”
Image set of “Tiny Dog” has proportion p, being “Cut Dog”

proportions can be approximated by ConceptNet

29



SentiBank using Objects/Attributes
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Detection
Examples

CHlEyY Car

lonely dog

angry face sexy dress

colorful food  dying flower




SentiBank 2.0 using Convolutional NN

* Annotation Accuracy
_ 0g ] —SentiBank 1.1 (SVM)
top-10: 9 —=SentiBank 2.0 (Deep CNN)
Deep CNN: 45.5% 5 06 -
Global SVYM: 18.7% & :
- 0.4 -
* top-1: g :
Deep CNN: 14.7% 02 -
Global SVM: 3.0% ; : .
0 200 400 600 800 1000 1200
: 0.5
e Retrieval Performance mSentiBank 1.1 m SentiBank 1.5 Object-Based M SentiBank 2.0
0.4
* mean AP a
< 03
Deep CNN: 39.2% § 05
Object Based: 36.0% &
SVM: 24.2% o1
O _

car dog dress face flower food all
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i,

happy_ch abandonec ¢loudy bay. heavy book. abandoned train. shiny metal. empty_box.id_cat.

funny_hat clean_root natural food. bad graffiti. clean air. dead bug
scary_sku gorgeous_
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bloody e magical n

“dirty_car, clean_car. tiny_bathroom. broken_window.
angry_ic abandoneg damaged_window. nasty_bathroom. damaged_car. empty_box.
bright_lig abandonec broken_computer, drunk_driver. shinv_cars, abandoned_train.

lost_coast abandonec abandoned car. rotten wood. abandoned hotel. abandoned house,
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VSO/SentiBank Resources

Ontology and 1,200 Classifiers
http://visual-sentiment-ontology.appspot.com/

Visual Sentiment Ontology /1L il

Summary

The analysis of emotion, affect and sentiment from visual content has become an exciting area in
the multimedia community allowing to build new applications for brand monitoring, advertising,
and opinion mining. There exists no corpora for sentiment analysis on visual content, and I Eiy RN
therefore limits the progress in this critical area. To stimulate innovative research on this Chang. “Large-scale Visual Sentiment Ontology
challenging issue, we constructed a new benchmark and database (you can browse the database and Detectors Using Adjective Noun Pairs
at » VS0 Browsing Interface) This database contains a Visual Sentiment Ontology (VSO) AEM Mitmodia Lanttiace; Baroeiing Do 2 Bia

consisting of 3244 adjective noun pairs (ANF), SentiBank a set of 1200 trained visual concept
detectors providing a mid-lgvel representation of sentiment, associated training images acquired download paper

from Flickr, and a benchmark containing 603 photo tweets covering a diverse set of 21 topics. download material

hheal

This website provides the above mentioned material for download and is structured as the
following

Visual Sentiment Ontology: sentiBank: Visual Sentiment  Photo Tweet
Image Dataset Concept Classifiers sentiment Benchmark

Shih-Fu Chang




Publisher (expressed) vs. Viewer (evoked) Affects

Publisher
Affect
Concept

yd a very nice picture
Thanks for all yourgomments
e BEAUTIFUL DOG
Viewer
Affect

Concept

S.F. Chang




Viewer Affect Concepts (VAC)

What viewers say about images of different emotions?

Popular Responses
orosoeous | BAANE Responses for “SAD” images
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PAC

Assistive Image Comment Robot — A
New Social Media Plug-In Tool

Demo video: https://www.youtube.com/watch?v=RyXK-kd9Bjw

b 1L

PAC

VAC

Predicted VACs &

(a) Visual Concept

]
.,:
il |

Detection
(b) PAC-VAC (c) Candidate
Correlation Comment
Model Database

Magnificent and

moody scenery.

“wonderful,”

“mysterious,”
“magnificent,”

“beautiful,”
h‘moody’J!

“cold,”...

4[

(d) Comment
Selection

}_...

Robot
Comment
Suggestion



Probabilistic PAC-VAC Correlation Models

- Measuring PAC-VAC Co-occurrences:

D)
ZBikP(Vj |d;)

P(p, [v;;0) =5 B, :presence of p, inimaged,

PAC VAC Y P(v,|d,)
i=1

— “Iimage

- Predicting VVACs for a given image by Bayes model:

P(v; |0)P(d |v;;0)
P(d; | )

P(Vj |di;‘9):

- Apply matrix factorization to smooth sparse terms

38



PAC-VAC pairs with strong correlations predicted by the correlation model.

| PAC | ©1vac | #2vac | #3vAC |
tiny dog cule adorable little
weird dog wieird funmy cute
crazy cal hysterical Crazy hilarious
cloudy morning ominous SOTOTH dramatic
dark woods mysterious spooky moody
powerful waves dynamic powerful sensational
wild water dangerous dynamic wild
terrible accident terrible tragic awful
broken wings fragile poighant poor
bright autumn bright delightful lovely
creepy shadow creepy spooky dark
happy halloween spooky festive SCarTy
pretty flowers delicate joyiul lush
fresh leaves fresh gheen vibramnt
wild horse wild majestic healthy
silly girls sick funmy cute
mad face mad funmy cute
beautiful eyes expressive intimate confident
sweel cake YUy hungry delicious
nutritious food healthy yummy delicious
shiny dress shiny sey ZOTZeous
colorful building | colourful wivid vibrant
haunted castle spooky myskerious LCary

Matrix factorization
used to smooth
sparse correlation
terms

Markov model used
iIn new comment
sentence synthesis

Diversity considered
in generating multiple
sentences



Image Comment Robot
— Chrome Extension FaceBook App

Hello Yan-Ying Chen. Recommended
Comments

Log Out | X

Hello Yan-Ying Chen. Recommended 29 Out | X

. . Comments
Nice scenic. Breathtaking light. _P | M |-
Nice scenic. Breathtaking light. ﬂ_ﬁ_

Awesome mountain scenic. Wonderful dramatic

composition. P I M |- ery serene and peaceful. Br ing and
shot for sure. LP.|
d e

ful dramatic

Very serene and peaceful. Breathtaking and magical

shot for sure. _I'-‘_I_M_'.

Back | | Next || Don't Like All

Demo video




New User Study: Acceptance rates of robot suggested

comments

image class food | flowers | architecture | scenery | human | vehicle | animal all

# sessions 50 52 60 51 57 74 60 405

# posts 45 51 53 50 47 63 54 363

# iterations 2.36 2.58 3.15 2.29 3.48 3.99 5.57 3.43

# clicks (next) 1.68 2.17 2.69 1.94 2.90 347 5.00 2.92

# clicks (more) | 0.68 0.40 0.46 0.35 0.59 0,51 0.57 0.51

# clicks (reject) | 1.56 0.71 2 2() () 29 224 | 2 2.83 1.75
accept rate 0.90 0.98 0.88 0.98 0.81 0.85 0.90 h

 The average #

of likes per comment
over different photo

classes
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e Example comments considered to be a “real”.
Top: robot-generate. Bottom: manually-generated.

e Looks colourful,
23 healthy and very very
AL tasty. Really
delightful.

Beautiful and elegant. e L3
Gorgeous subtle r s
shades of purple.

rable shot.
The reflection on ;cent and beautiful.
the glass is cool.

__te dog! What are
you looking at?

helicopters?




Subjective Evaluation of Robot Suggested
Comments

* 54% robot-generated comments fooled the majority of
evaluators

1 7 score
0.9 7 ® manual M machine #users considering comment
g'g | "manually-generated"
0.6 - Mg °o t 2 3
0.5 - s %y/(0.03(0.28(0.380.31
0.4 - 9(\6
0.3 - )a|0.1110.35]|0.43]0.11
0.2
0.1

0 -
@ & & & & 0

S & X &
Q Q



Summary and Open Issues

e Develop a mid-level concept representation for

e Visual emotion analysis

e SentiBank Tools Available 19 2 S

e Viewer response modeling poste/puister _

Images/Video

~

J

e Assistive comment robot >
=

\.

( Responses:

Comments,
Actions

J

* Open Issues
* Domain Differences

e Modeling of user, context, and social network relation

)

X

Viewers

) wﬁﬁ ﬁﬂﬁ' §i
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