Social Media

Social media is the social interaction among people in which
they create, share or exchange information and ideas
in virtual communities and networks.

-------- Wikipedia



Social Media

multimedia
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Multimedia is dominant in social media.

flickr You[TD
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YaHOO! _— e amazon obtain and propagate
AOL _’S,-; s/na.com.cn : : rich multimedia data
CCNN\] actively obtain textual € Micro-blogging, multimedia

and little visual data sharing websites, SNS :

passively receive : ,
¢ Search engine, forums ; € User-contributed becomes

textual data

o € Users mainly contribute the main mechanism for
& Portal websites ; .
o Inf dited b to textual data; data generation;
nformation is edite . . .
. : y Constrained by the € Development in capturing
professional editors, and . .
. network conditions and devices and network
for passive users. . . .
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Multimedia is dominant in social media.

flickr You[TD

mThegrowtholWeinn.-‘WeChat !j = G

Goes global

. T actively contribute,
_ obtain and propagate
'\ rich multimedia data

150m

100m

Om Or
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e Ja/.«. Ja.«/ i Ja{ & Micro-blogging, multimedia
Twitter increases its support on ! i R sharing websites, SNS ;
multimedia content, and releases WeChat has attracted more & User-contributed becomes
the 6-second video sharing app: Vine.  than 300 million users in two the main mechanism for
years, which is tending to data generation;
replace SMS. ) )
& Development in capturing
. devices and network
People are getting used to get access to transmission, huge
information in the form of multimedia data. multimedia data are
! produced and consumed.

Capturiimrg UTVILTS, LTTALUdI

information dominates. Mobile Internet

Portal Era Search Era

Internet media roadmap



“Social” trend in multimedia

3.
350 million photos are uploaded daily in ,‘a )

November 2013 on TWEETYE

1.4 million minutes of chats are produced
every minute on

audio photo
100 hour videos are uploaded every R g
ot (L e ; :
Lo ®  minute, resulting in 2 billion videos totally R’ 1- %

by the end of 2013 on \\“\\W

geo-tagg.éd video



Social Multimedia

Definition:
“An online source of multimedia resources that fosters an environment
of significant individual participation and that promotes community

curation, discussion and re-use of content.”
----- Mor Naaman
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Social Multimedia
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Social Multimedia Computing

Interact-
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Social Multimedia
"» Computing
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Social Multimedia Computing

Signal

processing ~ computer

vision
Visual/quditory

' i : Information
physiology Multimedia

retrieval

Social Multimedia
Computing

Data mining
Human-computer

interaction

Sociology

Organizational
Psychology theory
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Content-centric V.S. User-centric

O The focus is multimedia CONTENT
understanding and application

O Typical tasks include media content
analysis, semantic classification,

structured media authoring, etc. O Heavily related to WEBL.0.
B O Dominated by BROADCAST
Traditional Muli!‘ob"'«\ media developed by professional

Computir twfit.,p\ de3|gners for PASSIVE users.

o LT
["~wdb Multimedia
m—"
—TentnC,  Computing

Computing

O From User: User is the basic data collection unit. semantic gap

O For User: User is the ultimate information service target. intent gap
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User is the basic data collection unit.
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UGC is dominant

UGC videos make up 4/5 of total
video views.

| the percentage of video views |

Consumers rely more on UGC for

[ & info about medications.

Q: Wh choflhef llowin: qscu cesdoyou ely upon when searching for, or seeking

infor 5’: ut medicatio any kind?
S4% Bobh
20.00% - 77.90% om
M Internet b
50.00% B YouTube 5":
30.00% } 22.10% o
4o 11%
0.00% : -
UGC video Professional video ?:ﬁ- CRIRRIRTES. . et fn:’fm”f-"» et sk I::'-‘l:.{::"'_
( source: AccuStream.com ) S G e RN, 10, Torts
MOOC GROWTH RATE
2012-2013 witnesses a
. . . coursera
boosting rise of MOOC in m
online education.
UDACITY] .y

( MOOC: Massive Open Online Courses )

2008 2009 2010 201 012 03
( source: Infographics )
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the Role of User in Social Multimedia

M User serves as bridges between social network and multimedia
network:

Social
Network
O user
content . .
Multimedia
—— interaction Network
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User is the basic data collection unit

B Each user is analog to a data sensor

2@ v' EMC? estimates that each person

- contributes to 45GB social media data on
€€ average.

B User collaboration leads to crowded knowledge/intelligence

[ESP games] [WAZE]

v Image label
v Image segmentation

¥ YOU AND A RANDOM PARTNER TAKE TURNS PEEKING AND BOOMING




Jser is the ultimate information service target.




User is the information service target.

B Social multimedia tends to be consumerized :

Top 10 Categories by Total Users in Jan 2013 (Million)

Search Service I 454.0
Online Video |G 52.0
Community Friends _ 439.0
News Information | 413.0

E-commerce IR 0.4
Enfertainment NG /033
T Digital Procucts M— 35

Media Domain I 362.1
Financial Service I 341.5

E-mail | 540

L

Information Service

FRIENDS
B

(11 Tube

InnovationHeat
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User is the information service target.

B Information explosion: Opportunity V.S. Challenge to information
services.

Look, Watson! I've
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User is the information service target.

B Personalization stands out for solution:

eeeeeeeeeeeeeeeeee

GO Ugle“ Rank results considering web

history and +1 statistics

Douban FM: personalized music
listening channel.

Search Iuﬂﬂ 90 personal result s]

I Everything Home - Govemment of Canada Web site
canada. gc_cafhome htm
Images Dec 21, 3011 — Access information on Canada, its govemment, and federal programs
" and gervices organized into categones. Find an MP's e-mail address, the ... Biem douban.fm
)
" Departments and Agencies - A 1o Z Index - Contact Us - Frequently Asked Questions
Videos
Niws
Shoppeng
Mora
Fairfield
Change locati on
M @ Extends Free Grail Calls in 1
Any §
Past hour +17 5§ commenis
8 POST

advertising.
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User is the information service target.

B Understanding user intents and preferences is key to personalized
services.

Information Overload User Personalized Service
Modeling




User-centric Social Multimedia Computing

User-centric Social
Multimedia Computing
A
4 N\

From Users: On Users: For Users:

User Modeling
based on Social
Multimedia Activity

User-aware
Multimedia Services

User-perceptive
Multimedia Analysis

Social -> Multimedia Multimedia -> Social General Challenges &
End Applications



User-centric Social Multimedia Computing

User-centric Social
Multimedia Computing

— A
®/ ; \@/ ) )

From Users: On Users: For Users:

User Modeling
based on Social
Multimedia Activity

User-aware
Multimedia Services

User-perceptive
Multimedia Analysis

Social -> Multimedia Multimedia -> Social General Challenges &
- AN / End Applications

User-centric Cross-network
Social Multimedia Computing

More background & context:
O Springer book: “User-centric Social Multimedia Computing”.



Semantic Gap

Semantic gap indicates the lack of coincidence between the information
extracted from low-level representations (e.g., color, contour, audio pattern)

and the high-level interpretations (e.g., object, emotion).

RoME

other

sub/super contextual
objects information
Q.vs SKY S
/ MOUNTATNS - Yosemite vall ey
a2 : shrasing El Cagfitpn and
Objects [ > Labels *..:;@Larns_m;nmg..;_.

Half Dome in the

TREES distance

Inter-object relationships

Hare et al. (2006) . Bridging the semantic gap in multimedia information retrieval
bottom-up approaches.

: Top-down and



Crowd Wisdom bridges Semantic Gap

low-level representation
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high-level interpretation




Crowd Wisdom bridges Semantic Gap

low-level representation

'
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ESP Game

ean The ESP Game

_—

2:05

Time Left

The ESP Game

Your Guesses

BOAT

WATER

YELLOW

RIVER

PORT

Image Labeling game

ogogeo

guess: BOAT
guess: WATER
guess: RIVER

Score! Agreement
on ‘BOAT’.

]

guess: PORT

guess: BOAT

Score! Agreement
on ‘BOAT".




BOAT
WATER

BROOK
CHILE
BOAT

8

NATURE
RIVER

<8

ESP Game

WATER
PORT

SUMMER

BADGE

PAINT

&
g o
- ..

PORT
boat riverwateryellow port

“The string on which the two players agree is

typically a good label for the image.
Experimental evaluation indicates that a
majority (85%) of the words would be useful for

describing. “ [Von Ahn and Dabbish 2004]




ESP Game

PEEK : GUESS WHAT YOUR PARTMER IS REVEALIMNG BOOM : REVEAL PARTS OF THE IMAGE TO YOUR PARTNER
In
ETN [ wcoms ]
223 309

-UECE D

HINTS HELP PASS FOR GIVE HINTS TELL ¥OUR PARTNER IF
YOU GUESS DIFFICULT IMAGES IF NECESSARY A GUESS IS HOT OR COLD

Peekaboom: Boom gets an image along with a word related to it, and must reveal parts of the image
for Peek to guess the correct word. Peek can enter multiple guesses that Boom can see.

Image Segmentation game



ESP Game

purse

handbag
German
Shepard
Standing

bag

coach

Canine

Image labels and object regions as
by-product of collaboratively playing games.




ESP Game

CAFTCHA

LIANO i@ SVEN
| c ? ; MYENS Learning a language while
| A translating the web

‘What code is in the image?:

I g pe
Luié Von f;\ | @w@@ﬂjm@@

s |Gl B

‘ reCAPTCHA | 273 [




User Participation in Social Multimedia

follow

7~ chat —

——

/ add
friends
N
comment
<—
multimedia users
documents

GO oL -1 Baslinl £1: 1oL s
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User Participation in Social Multimedia

User-Multimedia User-User

Interaction Interaction

multimedia users
documents

BBk --1 L4 2 El®lin] 15 100 e
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Categorization of Related Work

User-Multimedia
Interaction

User-User
Interaction
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Categorization of Related Work

User Usage Data

UGC Metadata

User-User
Interaction
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User Usage data-based Multimedia Analysis

User Usage Data
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User Usage data-based Multimedia Analysis

User Usage Data <

( .
Browsing
behavior-based

Social

endorsement-based

| I

[Simon and Seitz, 2008; Borghol
et al. 2012; Pinto et al. 2013; Yao
et al. 2013; Chrysoula and
Konstantinos, 2014]

[Lappas et al. 2011; Jin et al. 2011]

[De Choudhury et al. 2009; Potthast
et al. 2010; Filippova and Hall 2011,
Eickhoff et al. 2013; Siersdorfer et al.
2010; Yamamoto and Nakamura
2013; He et al. 2014, Fang et al.
2014]

15



User Usage data-based Multimedia Analysis

/ .
User Usage Data < behavior-based

[Simon and Seitz, 2008; Borghol
et al. 2012; Pinto et al. 2013; Yao
et al. 2013; Chrysoula and
Konstantinos, 2014]
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Browsing behavior-based Video summarization

IlLl | '. l ‘ LFL_r'i L P‘f ‘
L \I-IH

3 .'|'.| = 7 M i
l'l’r"' ¥ ‘li"-\‘;_lfiﬂ r| fﬂ'yb, f Wiy ]r,"r

documentary video

[Govacinas I Pavas )] Goonars RE

user interface

lecture video

[Chrysoula and Konstantinos, 2014] Gkonela, Chrysoula and Chorianopoulos, Konstantinos. VideoSkKip:
event detection in social web videos with an implicit user heuristic. Multimedia Tools and Applications, 2014.

( lonian University, Greece ) .




Browsing behavior-based Video Annotation

The
framework

Tag assignment

Co-click-based
Video Similarity

Query Space

s

U

Latent Space

Polynomial
Semantic Video
Similarity

results

——————— —— —

Video |

kidsongs
kids songs
kids music
video
kendincos
kids
songs
music
baby songs
free videos
online videos
video search

Weighted
Neighbar
Tagging

Tag
Propagation

T o e s

-
Applications Obama
Video tag assignment US Election
Victory
President
Poliics
y Obama
: US Election
Video tag ranking 1 Polifics
> y Speech
Obama  Nighls 1 Wins
News Wins : News
Speech Historic y Nights
Politics  US Election \/ 2008
2008 live Live
Obama Politics
US Election Mews
2008 Speech
Video tag enrichment | President Wins
Obama govemment R!ghl§
US Election Victory Historic
.

Video Il

spongebob
squarepants
video
music
patrick
schwammkop!

photos
audio
nickelodeon
entertainment
film
funny

[Yao et al. 2013] Ting Yao, Tao Mei, Chong-Wah Ngo, Shipeng Li: Annotation for free: video tagging by
mining user search behavior. ACM Multimedia 2013.

( Microsoft Research Asia )
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Browsing behavior-based Image Segmentation

[Simon and Seitz, 2008] Simon, lan, and Steven M. Seitz. Scene segmentation using the wisdom of crowds.
ECCV 2008. ( University of Washington )
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Browsing behavior-based Image Segmentation

[Simon and Seitz, 2008] Simon, lan, and Steven M. Seitz. Scene segmentation using the wisdom of crowds.
ECCV 2008.
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Browsing behavior-based Image Segmentation

[Simon and Seitz, 2008] Simon, lan, and Steven M. Seitz. Scene segmentation using the wisdom of crowds.
ECCV 2008.
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Browsing behavior-based Image Segmentation

bernini

Image segmentation results Tag-to-region results

[Simon and Seitz, 2008] Simon, lan, and Steven M. Seitz. Scene segmentation using the wisdom of crowds.
ECCV 2008.
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User Usage data-based Multimedia Analysis

-

User Usage Data <

Social [Lappas et al. 2011; Jin et al. 2011]
endorsement-based
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Endorsement-based Multimedia Annotation

Endorsers with
different interests

=

Cycling

Cancer

Awareness

Lance
Armstrong !

]
o 1 -

Tags

Cycling
Tour De France
Sports
Charity Work
Armstrong Foundation

Philantropist

Cancer Survivor

Tags

island
Hawaii

beach sea

Pacific sky

Endorsement Generation

@——@B

-

B

€l

Text Generation

N

©

ide|

VI

2 entity-topic
distribution 6

¥

descriptive
labels for
each entity

*
topic-word
= distribution

[Lappas et al. 2011] Theodoros Lappas, Kunal Punera, and Tamas Sarlos. Mining Tags Using Social
Endorsement Networks. SIGIR 2011. ( Yahoo! Research)
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Endorsement-based Aesthetic Analysis

o
|

&
(a) charming (b) charming  (c) divine (d) calm 3
fpv = 0.44 fpv = 0.42 fpv = 0.40 fpv = 0.38 /PN B
\'.
At \ ; ﬂ (a) rule of thirds
Flickr (e) delightful (f) happy (g) charming  (h) charming
imag es fpv =0.37 fpv =0.37 fpv=0.36 fpv=0.36
with high

fav” rate (c) balancing

(a) breathtaking (b} romantic (c) beautiful (d) cute
fpv =0.150 fpv=0.133 fpv =0.093 fpv=0.091

(f) low vs. high frequency content

Principals of photographic composition

(e) happy (f) eerie (g) interesting  (h) interesting
fpv =0.090 fpv = 0.089 fpv = 0.087 fpv = 0L.0BS

[Christian and Kersting, 2013] Bauckhage, Christian, and Kristian Kersting. "Can Computers Learn
from the Aesthetic Wisdom of the Crowd?." KI-Kinstliche Intelligenz  ( ynijversity of Bonn, Germany )
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User Usage data-based Multimedia Analysis

-

User Usage Data <

Comment-based

\_ [ Fang et al.
2014 ]

[Fang et al. 2014] Quan Fang, Changsheng Xu, and Jitao Sang. Word-of-Mouth Understanding: Entity-
Centric Multimodal Aspect-Opinion Mining in Social Media. TMM, accept with minor.
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Background: UGC Aspect-Opinion Mining

e

_ Feature: picture

Positive: 12

# Overall this is a good camera with a really good
picture clarity.

e The pictures are absolutely amazing - the camera
captures the minutest of details.

* After nearly 800 pictures I have found that this camera

takes incredible pictures.

Product review

1 of 1 people found the following review helpful

Cute, soft toy
By CC on October 22, 2013
Color Mame: Giraffe
This is an adorable toy. The giraffe has a sweet little face, and the fabrics are colorful and plush. It took me
sqgeaker, but once | did, it works great and isn't hard to use at all. You just wrap your fist around the neck ai
sides of the neck together.

Negative: 2

# The pictures come out hazy if your hands shake even
for a moment during the entire process of taking a
picture.

# Focusing on a display rack about 20 feet away in a
brightly lit room during day time, pictures produced by
this camera were blurry and in a shade of orange.

rp summary W//%%W
“Must see” positive  Picture Battery  Zoom Size Weight
EEEE]) Reviewsd February 19, 2014 +—
Well worth the visit as Beijing holds onto it's past history which is
disappearing fast The Cld and the new contrast against each oher H I H I
Video comments I I I
Shew more
1
fsew boobs 001 3-013 pause quick - i % ]
S 3 negative Digital Camera 1 ] Digital Camera 2 B
You are on the Infernet and you find it amazing thatyou saw 3 boob 727 & T | Reply =
| knowr this Migerian bank official | would like to introduce you to, who is Flglll"e l: Visuﬂl ct]mpﬂt‘lwn ﬂf CONSUMmer Upl“ions on r“,ﬂ pl"ﬂdlll:ts.

having some frouble exparing his money from the country
BobThasunificent 0 dave age  11cd

Aspect-opinion summarization

( Prof. Bing Liu, University of lllinois at Chicago, USA)
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Motivation: Aspects are Multi-modal

Visual-representative aspect

Entity Aspects /‘ Opinions
Landmark N Famous I ositive
Building Great N
/> Scenic-Spot Must visit
Haze Bad Negative
Beijing —> | Air quality

Mask

Harmful .
Undermines

\> Economy Industrial Neutral
Industry Financial .
Business Develop

. Non visual-representative
aspect
The example of multimodal aspects and opinions for “Belijing”.
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Multimodal Aspect-Opinion Mining (mmAOM)

Inputs:
o visual features
o opinion words
o aspect words

6
YK

Flickr e .

-News Articles

X1Y

e
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Multimodal Aspect-Opinion Mining (mmAOM)

Outputs:
o Document-aspect
distributions

o Visual-
representative

aspect topics

0.0083 0.0081 0.0072 0.005% 0.0048
palace forbidden museum buildings dynasty ging ming emperors
0.0407 0.0244 0.0225 0.0205 0.0185 0.0132 0.0126 00118

Opinions

forbiddenleng fraveling crowded fantastic liked imperial ancient big
0.0273 0.a21t 00162 00174 00137 00087 00075 0.0083

Non-visual-representative Aspects

culture capital series life minolta reslaurant dragon cina courtyard
0.0504 0.0486 0.0391 0.0282 0.0158 0.0120 0.0+10 0.0t02 00102

Opinions
|beau|iu|tradi|imdled old great imperial interesting ancient goad
0.0084 0.0078 0.0075 C.C089 0.0067 C.CO065 0.0064 0.0062 0.0058

o Non.. aspect topics

30



Multimodal Aspect-Opinion Mining (mmAOM)

Switch and index variables
controlling the correspondence

between aspects and opinion @\ @

T~ @/ @

\ INM //,

oY OR0 R aw|[
IO RO [
/B e

Switch binary variable controlling
the generation of aspect words
from visual-representative or non
visual-representative aspects.

=
\
&

© 000

©
ONONONE

s
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Multimodal Aspect-Opinion Mining (mmAOM)

1. For each visual-representative aspect including textual as-

pect z* and visual aspect z", draw a multinomial distribu- K

tion over aspect words, ¢7 ~ Dir(n3,) and ¢35 ~ Dir(n;).

2. For each non-visual-representative aspect z*, draw )

a multinomial distribution over aspect words, ¢} ~ H

Dir(nt). L
Nv,d A

Sa—a=11{0

No,d

3. Draw a multinomial opinion word distribution for each
A

aspect z, @, ~ Dir(n;) for each z,, @& ~ Dir(n?) for
I
t gl .
X VA
L/ Nta

o
each zp.
@
D
e For each textual aspect word w in d.
e Toss a coin zy;: bernoulli(zg;) ~ beta(yo,71). @/

e if x5 = 0, draw a non-visual-representative aspect
zg ~ Multi(vg).

e if z;; = 1. draw a visual-representative aspect z% ~
di di

4. For each document d,

e Draw a multinomial distribution over visual-
representative aspects, 64 ~ Dir(a).

©

e Draw a multinomial distribution over non-visual-
representative aspects, vy ~ Dir([3).

© 9090

©
©O O @

&

e For each opinion word o in d.

. e Toss a coin yg;: bernoulli(yy;) ~ beta(dg, d1).
ﬂfut’f?,(gd) - ¢ . Iyda o (yd?) ( 0 l)
. . : . e if y; = 0. draw an opinion
e Draw a word wg; ~ ﬂ-fult?.(qaz?_) from zj.-specific 10 Yai Uniform(z? z}’ 2 )

. . . di TR - R -
word distribution. i ;"L' TQ' s ,

- - o if ; = . draw an opinion o~

e For each visual aspect word v in d, Un't%drlm(( s 25 (25 .55 ) p( < di )
1 Zopy s Zoy )y (Zags Zog )s -5 (Za s Zon )

® Ty = 1_ .. P
di e Draw an opinion word oy4; from the opinion-word

e Draw a visual-representative aspect distribution: og; ~ Multi(dye ).
; _ . di
2.~ Multi(fy).
e Draw a word vg; ~ Multi(¢.y.) from zj-specific 39
word distribution.



Experiments: Ability to Describe the Observation

TABLE 1V
PERPLEXITY OF ASPECT IDENTIFICATION FOR DIFFERENT MODELS.
| Model | Beijing | London | Paris | New York | Steve Jobs | Nelson Mandela | Nike [ Adidas |
LDA 4993.58 | 5694.98 | 6947.25 8499.195 11966.82 5416.84 1816.68 | 2499.61
Corr-LDA 4986.46 | 5691.35 | 6912.31 8497.80 11824.82 5395.62 1806.01 2467.90
mmLDA 4980.31 5589.10 | 6871.38 8582.67 11846.54 5326.64 1786.92 | 2418.32
AOM 4969.83 | 5638.24 | 6879.11 8459.18 11717.81 5307.19 1784.94 | 2397.06
smAOM [ 4872 13 | 556749 681881 8437 78 1158924 535691 1791.02 239139
mmAOM 4576.41 | 5337.36 | 6685.72 8404.65 9799.83 5069.63 1714.74 | 2377.67
TABLE V

PERPLEXITY OF OPINION PREDICTION FOR DIFFERENT MODELS.

| Model | Beijing | London | Paris | New York | Steve Jobs | Nelson Mandela | Nike | Adidas |

LDA 3375.14 | 3224.36 | 4089.48 4575.86 4473.20 2195.60 1277.39 | 1336.32
Corr-LDA | 3419.90 | 3282.99 | 4112.34 4564.50 4378.37 2200.09 1280.15 | 1334.56
mmLDA 3316.57 | 3280.56 | 4179.48 4295.62 4272.32 2140.15 1276.61 | 1335.57
AOM 3309.18 | 3264.10 | 4063.24 3868.69 4430.71 2128.96 1286.49 | 1321.85
smmAOM | 326721 | 323573 | 402102 3849.76 445990 2055.20 127011 | 130478
mmAOM | 3202.22 | 3088.97 | 3769.14 3653.71 4172.85 1935.42 1188.50 | 1261.19
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Experiments: the Aspect-Opinion for Brand

aspect

opinion —

VR #1 ‘1'

"‘t‘ 1 b [ %" 3 5 ‘_. -‘:.. & v 1 i ) “% .a!

: s 7 ¢ Tt <A .. » .t - P

0.0258 _ 10.0135 0.0117 0.0098
forfun vivo circo finland fotos voador people face men game

0.0417 0.0370 0.0356 0.0329 0.0297  0.0244 0.0242 0.0218 0.0195 0.0190

better play pretty running looking watching saying cushioning like
0.0545 0.0416 0.0287 0.0183 0.0157  0.0131 0.0106  0.0080  0.0054

Cl‘dldClS

VR #12

- . R

0.0252 ~0.0218  0.0169 0.0136 10.0134 0.0101
shoes collection sale air sneakers sky asics max vintage

0.0930 0.0508 0.0478 0.0457  0.0439 0.0410 0.0407 0.0398 0.0380

new white shiny socken voetbal kicks played black good blue
0.0280 0.0246 0.0231 0.0197 0.0197 0.0186 0.0134 0.0122 0.0107 0.0105

NVR #3

match world cup fifa official football soccer brazil brazuca

0.0597 0.0576 0.0575 0.0453 0.0386 0.0369  0.0333 0.0316 0.0300
design property ykyeco fussball ballon tango dark opening

0.0183  0.01831 0.0151 0.0135 0.0124 0.0110 0.0107 0.0103

official ride big issued pelota tango wanted working took
0.0304 0.0258 0.0235 0.0165 0.0142  0.0119 0.0118 0.0095  0.0072
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Experiments: the Aspect-Opinion for Location

aspect = 0.0080 0.0065 0.0054
> architecture building street district triptych facade window capitale
0.0713 0.0452 0.0423 0.0319 0.0269  0.0255 0.0198  0.0146
.. white black beautiful noiretblanc europe romantic parisian frankreich
opmnion —r—>

0.0130 0.0125 0.0114 0.009 0.0071 0.0062 0.0055 0.0051

00080 00074 0.0071 00070  0.0068
eiffeltower monument arc sky toureiffel champs triomphe lightroom
0.0713 0.0452 0.0423 0.0319 0.0269 0.0255 0.0198 0.0193

spent want white beautiful understand black huge hipstamatic
0.0242 0.0183 0.0125 0.0117 0.0103 0.0088 0.0081 0.0073

VR #3

way train line euros airport tickets minutes service money
0.0163 0.0156 0.0142 0.0135 0.0128 0.0103 0.0089  0.0078  0.0071
ticket shuttle station problem idea transportation elysees luggage
0.0067 0.0064 0.0053 0.0050 0.0046 0.0042 0.0035 0.0032
went main wonderful worth expensive having unauthorized hope
0.0289 0.0262 0.016 0.0106  0.0102 0.0095 0.0087 0.0076

NVR #4
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Experiments: the Aspect-Opinion for Celebrity

aspect | e O kv (W R SRR ol *
H 0.0085 0.0080 0.0073 0.0065 0.0054
0>i president memorial service people face funeral stadium
o 0.1305 0.1204 0.0866 0.0473  0.0383 0.0316 0.0313
opinion > remember lying official died held national international
0.0170  0.0167  0.0125 0.0118 0.0117 0.0105 0.0100
apartheid work resistance peace parties prime court
0.0134 0.0090  0.0067 0.0056 0.0045 0.0045  0.0045
™
x transformation interests world life inspiration unions
z 0.0034 0.0034 0.0023 0.0023 0.0012 0.0010
ahead southafrica light moving forward fell keepping
0.0230 0.0210 0.0192  0.0128 0.0011 0.0011  0.0098
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Application: Multimodal Aspect-Opinion Retrieval

® mmMOM also outputs:
O dependency between visual aspects and textual aspects
O

W->VD
Query: shoes collectionsale air sneakers

Results:
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Application: Multimodal Aspect-Opinion Retrieval

B mmMOM also outputs:
O dependency between visual aspects and textual aspects
O

Query:

Results: soccer sneaker socks shorts player
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Application: Multimodal Aspect-Opinion Retrieval

B mmMOM also outputs:
O
O dependency between (multimodal) aspects and opinions

W->0, V-0, W+V->0

Ball match world cup fifa official football

Aspect query:

Opinion: New good get Ilike better



Application: Multimodal Aspect-Opinion Retrieval

B mmMOM also outputs: W-2VD VW
O dependency between visual aspects and textual aspects
O dependency between (multimodal) aspects and opinions
W-=>0, V20, W+V->0

065 r EmLDA ©Corm-LDA mmmLDA EMAOM msMAOM mMAOM

0.55 F

045 F

NDCG

W-VD V-W W-0 V-0 W+V-0
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Limitations of mmMOM

Different entities cannot
share the aspect or
opinion topic spaces.

The association between
the aspect and opinion is
loose. (sample by [)

The interpretability of the
derived topic representation

IS unsatisfactory. //'
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User Metadata-based Multimedia Analysis

e ~ Title \

Tiger Woods 3 wood Target 2007 slow motion

@ e

UGC Metadata

b (@) 013/0:33 o () =8
Y ek %k 41 ratings 201,525 views
simonlesorcier
i i Subscribe
Favorite = Share Playlists Flag December 20, 2007
Facebook MySpace Twitter | (less infa) . .
[ Solid 3 wood from the fairway | € Descrlptlon

P Statistics & Data Category. Sports

b Video Responses (0] / Tags: :ngslgsmogger woods golf

Tag

42




User Metadata-based Multimedia Analysis

UGC Metadata

Individual:

sky

building
aeroplane

tag processing

g

[Liu et al. 2009; Zhu et al. 2010; Sang et al.
2011; Liu et al. 2012a; Sang et al. 2012a]

Collection:
ontology construction

[Helic and Strohmaier 2010; Plangprasopchok et
al. 2010; Sang and Xu 2011; Sang and Xu 2012a]

City dynamics:

geo-tag mining T -
L ¢S = TANTAEL I e N
[Ye et al. 2011; Cranshaw et al. 2012;

Fang et al. 2013a; Fang et al. 2013b]

IR
& “ C ‘

AT s



User Metadata-based Multimedia Analysis

UGC Metadata

-

[Liu et al. 2009; Zhu et al. 2010; Sang et al.

Individual:
2011; Liu et al. 2012a; Sang et al. 2012a]

tag processing

- Xian-Sheng Hua. " Image and Video Tagging in the Internet Era,"
Summer school on Social Media Retrieval.

- Meng Wang, Bingbing Ni, Xian-Sheng Hua, Tat-Seng Chua. "Assistive
Tagging: A Survey of Multimedia Tagging with Human-Computer Joint

Exploration,” ACM Computing Surveys

44
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User Metadata-based Multimedia Analysis

s dividual
Indivi — Sang et al. 2011
tag processing Sang et al. 2012a

UGC Metadata

-

[Sang et al. 2011] Jitao Sang, Jing Liu, Changsheng Xu: Exploiting user information for image tag
refinement. ACM Multimedia 2011.

[Sang et al. 2012a] Jitao Sang, Changsheng Xu, and Jing Liu. User-Aware Image Tag Refinement via Ternary
Semantic Analysis. IEEE Transactions on Multimedia 14, 3-2 (2012).

]
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Background: Multimedia Search Roadmap

Semantic-
Go gic -T-W:LN:T [I—— based

S
bindecaplomOosgn ~ Ldecasine Des an
-
e m———— Query by Tag
-
—

Visual Query by
-based Surrounding text
°

Query by Example

g\
1990 2000 2003 2006 2009 Year '

( source: Dong Liu @ Columbia U. )

Multimedia search roadmap
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Background: UGC Tag Issues

B UGC tags are helpful, but they are:
v Noisy
v Subjective

v Incomplete aeroplane

v' Coarsely labeled MSHC-355
GamenisgD
fraseite
cool

Imprecise Tags
Subjective Tags

Missing Tags sky building grass

i
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Background: Social Tag Processing

-

_ TagRefinement =

Tag-to-Region ] [

Auto-Tagging

]( Tag Ranking ]

dog

road

road

( source: Dong Liu @ Columbia U.)

Multimedia
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Motivation: Counting User In

B Social multimedia sharing ecosystem

Social relation

Annotate

Visual Semantic
similarity “torrelation

s sy s

49



Motivation: Counting User In

IMAGES | TAGS | USERS

TAG REFINEMENT

WEB IMAGE RETRIEVAL IMAGE + TAG

* Tag _relevance X.Lietal. [2010]
* Tag propagation M. Guillaumin et al. [2009]
* Simple label transfer A. Makadia et al. [2008]..

<40papers

VIDEO + TAG
* Tag localization L. Ballan et al. [2011].....

IMAGE + TAG + USER
* Tensor factorization J.Sang et al. [2012]

Alberto del Bimbo, panel talk on Cross media analysis and mining, ACM Multimedia 2013.



Ranking based Multi-correlation Tensor Factorization (RMTF)

B Raw ternary and binary relation construction:
A
« [ 11

User 3 Userl User2 Ternary /
Q/\Q Relatio 1 1

2 : i
T NN o
tagj\tag4 tagZ\ag3 <— Multimedia—>

\ \ /tag5

ey _

| g’ Binary Q
‘M ' relation wY

Image3 Image2 Image Image4 . tagl
‘. -
‘- tag2 tag3
w!
WT g4
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Ranking based Multi-correlation Tensor Factorization (RMTF)

B Regularized Tensor Reconstruction:

{,.%{i%?cf’: DY) D0 faie —9aie)) +altr(UT LyU) + tr(IT L) + tr(TT LyT))

(@3)EPG|tHETT . t-€T .

/ + g (Il + N+ 1ril," +licil,%) \

Ranking-based Tensor decomposition binary relation regularization

Ty V|
o,

Ty

T T
nl Tl
]

L
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Ranking based Multi-correlation Tensor Factorization (RMTF)

B The derived factor matrices define latent subspaces:

AT ¢

B Exploiting factor matrices to obtain improved binary or ternary relations :

T; =C %X, T Xy 1TUT map tag representation to image subspace

calculate the correlation between tag and image in the
unigue image subspace

XT=1.T,

K
Top(i,K) = max Xl-I:T obtain the top K tags according to the derived
teT correlation
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Experiments: Tag and Image Subspace

Selected Tag

Five Nearest Tags

cat

grass, animal, pet, dog, vacation

flower

blooms, butterfly, nature, spring, blossoms

airplane

aircraft, travel, planes, photographer, airport

buddhist

buddha, religion, buddhism, thailand, ancient

Five Nearest Images
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Experiments: Tag Refinement Evaluation

B F-score on NUS-wide, 3,000 users, 120,000 pictures, 81 concepts:

OT | RWR | TRVSC | M-E Graph | LR | MPMF || TF_0/1 | MTF_0/1 | TF_rank | RMTF
F-score || 0.477 | 0.475 0.490 0.530 0.523 | 0.521 0.515 0.542 0.531 0.571
1 r mOT mRWR ®LR mMPMF mTF_0/1 mMTF_0/1 mTF_rank = RMTF
0.8
Q2 06
Q
(&)
()
L 0.4
0.2
0
& N & © @ S @ Q @ S N\ &
Q) O . Q QO N XD & < Q N
<Q oy N4 N 0 O > RN N \ O
N <& Q .@%o &b“ &\Q (&\ Q\éb& Q@ Q\'b
) Q{b
Simple concepts Uncommon
Abstract/complex concepts concepts
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Extensions: Different Factor Combinations

Social relation .
Personalized tag

recommendation/ personalized
iImage retrieval

User-Multimedia:
Image recommendation

User-Tag:
user modeling

4

similar correlation

Multimedia-Tag:
social tag
processing

56
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User Metadata-based Multimedia Analysis

-

Collection:
ontology construction >ang
and Xu 2011; Sang and Xu 2012a

UGC Metadata

-

[Sang and Xu 2011] Jitao Sang and Changsheng Xu. Browse by chunks: Topic mining and organizing on

web-scale social media. TOMCCAP 2011.
[Sang and Xu 2012a] Jitao Sang and Changsheng Xu. Faceted Subtopic Retrieval: Exploiting the Topic

Hierarchy via a Multi-modal Framework. Journal of Multimedia, 2012.
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Background: Web Video is Boosting

Videos uphstdlettien Yauwtthd@esabtypamute

50,000,00 -
. W e
40,000,00 l ! r 7 hotimes of
yousy - @ what it is today
30,000,00 .'? 2
® -~

20,000,00

10,000,00

2005 2006 2007 2008 2007 2010 201g

Source: Cisco.com
58



Background: List-based Organization

Yﬁu T',“]E 9/11 attack Q Browse = Movies = Upload Create Account Sign In

Search results for 9/11 attack About 188,000 results

iIssue query
Filter ‘9/11 attack’ 188’000 ortby. Relevance ~
results !

Featured Videos

Purpose of the 9/11 Attacks

Ty awatind ans peaphe gaal
Arpetarss sif-mreteg

(Osama Bin Laden's
Computer Had New
The terrorist had plans for
attack on 10-year
anniversary of Se...

by ABCMNews 16,5654
vigws

For g padicy Tt st raprn 9/11 Mastermind’s Motive: "Wake up Americans™ to the atrocities committed by US
Lrali g T FRER wadl hoads

W4 Parioer il ik government by supporting Israel against Palestinians & foreign ...
4 vhee Apgh Yhurden praples

by representativepress 72,074 views

NATIONAL SECURITY ALERT - 9/11 PENTAGON ATTACK

Wisit the home site of the investigators: www citizeninvestigationteam.com Subscribe to
receive email updates concerning their investigation here ...
by BeautiiulGirByDana 419,267 views Trapped on the floors

above the 9/11 Attacks

This video contains
images and personal
accounts some viewers
by BBCExplore | 20,805
Views

Featured Videos

September 11, 2001 - As It Happened - The South Tower Attack

This segment is comprised of a succession of newscasts that feature the impact of
Flight 175 info the South Tower as it happened LIVE at 8:03 AM ...

by aaroman01 4 years ago 4,224,746 views

9/11 Media Failure to
Inform the Public

"unprecedented attack on

September 11 2001 Video. - . -

terrible saw of what happend on the towers basements also. Mever Forget 9M11/01 ... Eor - US interests for its support
september 11 2001 video world trade center wic 911 tribute 9/ ... HOW DARE'Y 2:15 ofl..

by MetworkLive 5 years ago 15,790,388 views by representativepress
14, 724 views

First scientifically accurate visualization of 9/11 attack

Engineers and computer scientists at Purdue University have created the first
scientifically accurate visualization of the attack on the World ...

Crawling {Under Attack
-9-11 Tribute)

A commemorative video
depicting Linkin Park's

by chrielde | 4 years ago | 1,426,212 views remix of Crawling (F... 59
by 0OCmucrukes Dl
T - 10,772 ews
Incida Warld Trada Mantra Nurinn AHacl - QM4 hafAara 2 affar



‘A E Connect with Facebool Follow Metacafe on (i f ! Family Filter Sign In -
Yuu Tuhe 9/11 attack mgggm&gi% MOVIES GAMES Music Tv SPorRTs Mmore v AASN o
[ 4

l Log In Explore

Search videos for 9/11 attack

We found 843 videos. See all videos tagged with "9/11 attack".

Show me  most relevant v  videosin thumbnai v format

Here are 843 videos we found that might be
related to "9/11 attack”. We recommend
using the sort bar which allows you to see
yvour videos in different orders or formats.

PROJECT FOR THE

New American CeNTURY

ATIONAL SECURITY ALER

/11 PENTAGON ATTACK

You may also want to check out videos
tagged with "9/11 attack” or browse Vimeo
Categories to discover more related
content.

NATIONAL SECURITY ALERT - OFFICIAL TRAILER - 9/11:
9/11 PENTAGON ATTACK WORLD TRADE CENTER
3 years ago ATTACK

Meeting With _ .
- International Oral Authoritative Specialists
i Pﬁdong LIinl'hl'l_+.=..c| ;
Te- 400 6060 222
Puxi HengLi

Te: 400 6969222

Ll
e TENR

9 11 Attack Metacafe Channels

SPEED - Scene from "9/11: Why 9/117? 9/11: ATTACK ON THE MUZU. TV
WORLD TRADE CENTER 1 year age PENTAGON MUZLLTV
- Aarc :__: 0 WLy

View Channel

ATTACK" 2 yea

depicting Linkin P
remix of Crawling (f... 60
by DOCmucTuxea DD

10,772 views

by chrfelde | 4 years ago | 1,426,212 views

- v _ 1"‘1 Incida Warld Trada Mantra Nurinn AHacl - QM4 hafAara 2 affar



Motivation: Cluster-based Organization

["§ Connect with Facebool Follow Metacafe on R ' oy Hle S=nla
@ Log In Explore e 9/11 WIC

vimeo tevoriz

Search videos_ for 9/11 attack

We found 843 videos. Ses saad with "9/11 attack". Buzh Lader Ecancaic
Survivar Al-Qaeda Lotk
Palesitan FB government
: V Protest invest igut iy menorial
in | thumbnai v | for vuslin anlsley tall

related to "9/11 attack”. We recommend
using the sort bar which allows you to see
your videos in different orders or formats.

You may also want to check out videos
tagged with "9/11 attack™ or browse Vimeo
Categories to discover more related
content.

CHANNEL - by 911VideoTruth | 5vi

SPEED - 8¢ 0 . . —rrer—e
oo mant cevideo ‘collection ey T

ATTACK

video clusters

View Channel

gded Te-MOv-171 By null
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User Interface: Hierarchical Semantics-based

subtopic #1 of "9/11 attack™: 1,100 results

Never before seen Video of WTC 9/11 attack

Check these out: bitly At the time | received this video it was not released
publicly. It's the personal video of someone | met. After the first ...

byJmanFIVEK | 4vyears ago | 16,092,824 views

World Trade Center Attacks

. MUSIC INFO BELOW~""""_" HAVE FULL COPYRIGHT
PERMISSION OF THIS VIDEO, ANY OTHER DUPLICATES WITHOUT THE

bytributesdwtc = 3years ago = 10,302,855 views

CREEPY 911 ATTACK

i noticed something creepy while watching a video of the 9-11 attack
here on youtube

by bisakol71 | 3years ago | 134,209 views

U.S. tower
attack firefighter

rescue terrorist

muslim

Bush
protest

September 11, 2001 - As It Happened - The South Tower Attack

This segment is comprised of a succession of newscasts that feature
the impact of Flight 175 into the South Tower as it happened LIVE at 9:03

by aaroman01 = 3years ago | 1,105,081 views

survivor
racism
victim
Firefighters of 9/11

ATribute | puttogether with "We Were Soldiers" music and footage of
September 11th. This Tribute mainly focus's on the Firefighters who

by WTCTribute | 3yearsago | 72,313 views

humanity

Palesi'ran/

Fox News coverage of the 9/11 attacks (First reports)
Fox News coverage of the 9/11 attacks (First reports)
by michael5046til | 2years ago | 434,154 views
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Relational Supervised hLDA (RShLDA)

query Q

4

You =)

*metacafe.

vimeo

(Osama Bin Laden's Computer Had New 911 Attack Plan

A Amature video from a couple that [ives some apartment a bit
erything fhat happend.. ps. Ifyou whant the how ..

Textual metadata)

o

Iﬁaﬂu

E I Retrieved

videos

>

word

Video clusters

()
@

OF@
OB

2

JOl

O—@"

9/11 WTC
terrorism
Osama attack

hierarchical
topic model

Laden

Economic
Survivor Al-Qaeda health
flrel‘xghl Pf:lesitan I FBL government
footage Protest mvestl_gatwn int——yr)
tower muslim Afganistan fall

Topic hierarchy

response
live video afterwards

memorial and
long-term effect
investigation
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Relational Supervised hLDA (RShLDA)

query Q

4

(1 Tube| 2

‘émetacafe

(Osama Bin Laden's Computer Had New 911 Attack Plan

A Amature video from a couple that [ives some apartment a bit
>vewthingthathappend ps. Ifyou whant the how ..

vimeo

Textual metadata)

[
-~

g [

Visual
videos

5 &

<
. Expansion word set b

Relatigaral-Shigetvised
wofd  hierartfyitehapielmodel

duplicate
link

Video clusters

Laden

Economic
j Al Geda health
N Pflesﬂan L taati government
footage Protest 1H\'95‘tl_gﬁ 1lon memarial
tower muslim Afganistan fall

Topic hierarchy
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Experiments: Semantic and Video Clusters

Experts want new %7911 Truth: What' s

11 investigation Being Covered |J|'.|'.>
B ‘Q/11 attack’: . ﬂ gy

Arature video from 4711
“WIC attack”™ Partl

MNever :u _!';Jl'i.‘ S0

Video of WIC 9711
attack

=11 Attack ar
(e eend

Audio ﬂ call

Tror World Teade
viiter Islomic Terror
attack on 911

a9/11 'i'Ermri st Attack

Tth Anniversary

9511 Survivors

Remesbers Exir ience

G511 PRIEST

LDA 5164

Press Tor truth — award
winning 911 documentary
which everyone should see

ShLDA

Apature 1.-1|!gg fram Palestians celebrating

/11 "WIC attack” 8711 attack

Horld Trade |.-EI'I:E]'

altack

311 Activist Rill Veale
on Alex Jones Tv™No Plane
Hit The Pentagon™

The Military KNIRS
Israsl did 911

9711 Coineldences

9711 Terrorist Attack Tih
Anniversary (made on 9711,/08)

hLDA 9/11 The Wilitary knews  In on
[arael Mossad and rogue US
Gov. Did [t

RShLDA
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Experiments: Semantic and Video Clusters

Irag invasion

» 2 " o) p -
2002 Trag Webes, *“consequences

Propaganda

-
...
-
Baral ma on

Trag, Opposition Road to Baghdad -
from the Start part 4

Query: Iraq War Invasion

Michele Rm‘im\ann s Anti-

Gay Stances Protested At
Gop (i:n‘:m'in;.:

The Return of
the Gay Pope
H

Gay marriage
doesn” t affect yo

Newt Gingrich Hit
by Glitter at Anti-
Gay Event

- ---+ e ﬂ

ISNBC nk t On Gay / President Ohama’ s
Marriage & The Bible 10N gneech To Gay

Rights Activists

H
. H
®—
-J‘.
Traditional Values Coalition:
Dishonest or Dumb?

E)
WBZ-TV Impact Special: Gay
Rights - 1977

Query: gay rights

@MM@@Wﬂg;wwﬁw

i \’mm’iw

- -
J(’ﬁlymic song  “Beijing
Welcomes You'

Deng IH zﬁb'&*

RBeijing Olympics -
TF EB

Tt 4
100m -

e

Usain RBolt:

9. 69 WR

Cauldron (Torch)
Lighting

Phetie m il : | *%/  Tihetan activists
just exhausted NNE EL condenn Beijing
(8. 18.08)

/ Oympics — 13 Mar 08
¥
! ;
LeBron James: Leader of the

Redeem Team

Road to Redemption by Nike
fp. 2 Pi.1

Query: Beijing Olympics

’
*

;fﬂﬂruck Obama

-,

-
- \
Ron Paul Comments o

he 2008 Election CNN
Aug. 28 2008

ks .7
Election 2000: What
Really Happened Tn

Florida (Part 1)

-
-
ey

John McCain vs.

Barack Obama: The
- Best President

b1

How will the election vear Third 2008 Pre

£ ; sidential
impact your portfolio

Debate

Query: US president election
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Extension: ldeological Video Clusters

Query: gay rights

0
Homas
1 10 B

Cluster ‘ Ratio ‘ Opinion Words Representative Comments
4 420, right equal civil evolution bible “We have the right to love anyone. We as normal as ‘normal’ people, ...”
2% - - - : — . —
free homosexual society life milk “If someone chooses to be gay, it is his life and his own decision...
2 580 god religion islam bush hell “If you actually look deeply into a religion, it is almost impossible...”
= JoT0 - — - o - - - - - - =
bad family traditional society protest Feelings are just feelings. Being gay is unnatural. I can list hundreds of ..
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User Metadata-based Multimedia Analysis

-

- Jiebo Luo, Dhiraj Joshi, Jie Yu, Andrew Gallagher.
UGC Metadata “Geotagging in multimedia and computer vision—a surveL

- Yan-Tao Zheng, Zheng-Jun Zha, Tat-Seng Chua. “Research and
applications on georeferenced multimedia: a survey.”

Citv dvnamics: [Ye et al. 2011; Cranshaw et al.
eoy—tay S ! 2012; Fang et al. 2013a; Fang et al.
5€0-1d5 S 2013b]

-

68
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User Metadata-based Multimedia Analysis

-

e

UGC Metadata

City dynar.nlocSZ Fang et al. 2013a
L geo-tag mining

[Fang et al. 2013a] Quan Fang, Jitao Sang, Changsheng Xu, Ke Lu. Paint the City Colorfully: Location
Visualization from Multiple Themes. MMM 2013. Best Student Paper.

| 69
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Background: Huge Photo Online

flickr snviiion images

250 billion images

200 million images a day 150 billion images

@ 350 million images a day
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Motivation: Geographical & Semantic

B Besides position, rich textual metadata is associated.

Ceroee. 14.Comment Privacy

B This work exploits user-generated content to organize photos
both geographically and semantically, and facilitate location
visualization from multiple theme.
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Motivation: Geographical & Semantic

B The visualization scheme is two-level:
v' POl visualization
POI - Point of Interest, a highly photographed place
Theme - representative pattern or interesting topic

Yel low Mountain

o o
i o
—
i " .
.."-I
#
- L £

..:'-;"':':- )
S -« Natural
> e - Scene

=% E]!WJ *
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Motivation: Geographical & Semantic

B The visualization scheme is two-level:
v" POl visualization
v City visualization
 the summarized city themes,
 the representative POIls and exemplary photos
for each theme.

Huangshan city
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POI-City Visualization

Geo-Tagged Flickr Data

POI Identification
\ 4

POI Themes Discovery

\ 4
City Theme Aggregation

~ >

City Visualization

\f RoEe

\f
,
74

B

{+) Multipk-thvoic yimsalization of Singapon:

-

Singapore as the running example.

110,846 photos, 26,623 geo-tagged
photos, from 9,044 users in flickr

Photo and associated text metadata.
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POI-City Visualization
Geo-Tagged Flickr Data ]

____________ .
_/.68

Photos metadata: User

> 7

POI Identification
\ 4

POI Themes Discovery

\ 4
City Theme Aggregation

~ >

City Visualization

{+) Multipk-thvoic yimsalization of Singapon:
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POI-City Visualization

110,846 photos in Singapore: e POI detection: detect highly photographed
. 26,623 with geo-tag » places from geo-tagged photos.

o 84,223 without geo-tag

r1Tutuo rnretaudata I UOCUI1

POI Identification

v
POI Themes Discovery

\ 4
City Theme Aggregation

~ >

City Visualization

{+) Multipk-thvoic yimsalization of Singapon:
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POI-City Visualization

110,846 photos in Singapore: e POI estimation: assign non geo-tagged
. 26,623 with geo-tag photos to the detected POls.

o 84,223 without geo-tag »

P ksl T
==
POI Identification
v
POI Themes Discovery
\ 4
City Theme Aggregation
~ >

City Visualization

- e -]
[ 1 W
A A f Shoppieg ik sl
— B = 5
. - ) =4

{+) Multipk-thvoic yimsalization of Singapon:
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POI-City Visualization

_ _ Geo-Tagged Flickr Data « POI Theme: represented by salient tag
|

| set and exemplary photos.

= | 8 8

A

metadata : User

POI Identification

)
POI Themes Discovery s 0,

\ 4
City Theme Aggregation

4

City Visualization et L2

- 2 . U O
T Sing‘apore, Central Singapore, Singapore *

view light marinabay skyiir'w' sands -i sky sunset clouds reservoir landscape nofollow
= " E -

{+) Multipk-thvoic yimsalization of Singapon:




POl Theme Discovery

« Challenges: visual variance & tag noise;
e Solution: incremental learning-based method.

ingapore

salient tag set

Theme 1 view light marinabay : ] ‘ :
skyline sands S Ak Salient Tag
gt s Than Extraction

~ Assignment

Tags (add a tag

theme photo and tag sky sunset clouds reservoir

(9,7} landscape nofollow L. [ | TS e Photo Theme
' v i Assignment
Theme 2 merlion,sky i " - ] G
merlion symbol stb  (esPls o L3 (e

Theme 3

statue tourism logo lion

<€

Theme 4 eee cee




POI-City Visualization

__ 9€°;T§9§9d_Fli‘i<LData - City Theme: representative pattern or
: 8 Interesting topic at city level.
| &
I R
| _/ I 8 . . “.;..: ‘;.-..
: Photos metadata : User N & S
! ! * -...

POI Identification
4

POI Themes Discovery ]

\*4
City Theme Aggregation

~ >

City Visualization

Jalan Kayu Central Catchment Reserve Sentosa, south west

Clouds sun, landscape, sunset, sky, view, sunrise, sea, beach
Singapore, Central Slngapore

Theme 1:

Landmurk

(E e T Theme 2 : Skyline, marinabay, merlion, marinabaysands
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City Theme Aggregation

Fuse salient tags in POI themes to construct a tag vocabulary V = {t,}5_

= ’ @ WL TNE L Rinting (37 Faman 2
g Bukit Indeh Royal Johor Taman Kampong Bukit Dahlia L, Taman
5 E3 e LY gyt Country Club Pelangi Rekoh 5 %ur Kota Masai
i J108) 5 T L
i Bukit Beidurt ey
Indah 2 . Johor Bahru
J

Theme 1 | bird park birds jurongbirdpark birdpark parrot
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Kim Kim
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flower chinesegarden garden plant
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flower flowers garden beautiful art blue red
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City Theme Aggregation

Locate each POI theme onto the vocabulary space
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City Theme Aggregation

Aggregate the POI themes into & clusters;
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Experiments: POl Theme Visualization

Downtown, Central Singapore Central Catchment Reserve | Sentosa, South West, Singapore ||

view light marinabay skyline sands reservoir sunset peirce hdr macritchie clouds sunset park beach clouds sky rocks merlion

Themel

Theme

Theme)
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Experiments: City Visualization

zoo white tlger ammal monastery

. 1 - 8
_ Theme 6: Central Catchment Area ) Queensto Theme 1
Bird, park, jurongbirdpark Y -

Tiger, monkey, animal

Jurong Town

Theme 7:
Garden,flower,nature

Theme 1: Clouds, sun, landscape, sunset, sky view, sunrise, sea, beach L Theme 2 : Skyline, marinabay, merlion, marinabaysands
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Extension: Topic Labeling

Tag Photo Concept

» botanic garden
Sz
travel

natural scene

flowe

Theme #3 park <=

gardeng

bird

|andmark

arrot .
P animal
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Extension: Topic Labeling

flickr

Theme1:

Clouds, sun, landscape, sunset, sky, view, sunrise, sea, beach
~ R

ey

1 Etvmology
2 Hizstory

3 Goverrmert and politica

Theme 2 : 4 Geography
Skyline, marinabay, merlion, marinabaysands 5 Climate
K ) 6 Economy
6. 1 Pre-independence economgy
8, 2 Moderrm—day economy
6.3 Sectors

Theme 3 ;

. . . f. 4 Emplovmert and poverty
Smile, people, girl, kid
< _

T Foreign relations
8 Military

9 Demographics
9.1 Eeligion
9. 2 Languages
10 Irfrastricture
10.1 Science and technology
10. 2 Education
10. 3 Health
11 Culture
11.1 Languages, religionz, and cultures
Theme 6: 112 ittitudes and beliefs
11. 3 Cuisine
11.4 Arts
11. 5 Sport and recreation
11. 6 Media

12 Transport

88



User-User Interaction-based Multimedia Analysis

€ Microscopic connect@in LinkedIn
add friend «in Facebook
& - follow = in Twitter
~__ & T

subscribe € in Youtube

.
2 & N = -
=

LR =
s =
T = !
mEx = T
EspEN  EREw ——— m &
sty RAATR
] of Nt ATES

User-User

: " Microblogging
Interaction _

. propagation
pattern
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User-User Interaction-based Multimedia Analysis

4 Microscopic [Sang et al. 2012a;Hu et al.
Interaction-based 2013; Trevisiol et al. 2013]
Mesoscopic [Ulges et al. 2011; Liu et al.
LqlisiedlelnEsEse L 2013, Liu et al. 2014]
User-User : _
toract Macroscopic [Li et al. 2013; Yu et al.
e rachon [ seieinseseel . 2014; Abisheva et al. 2014]
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Microscopic Interaction-based Sentiment Analysis

Sentiment
Consistency

\J [

f
$

Emotional
Contagion

J

Sentiment (TweeT)

T~

=| Coefficients|x FeatureVector(mweer)

_|_

SIWTX L2

. 1, T 2
min | o||X° W —Y][i
Textual
Information

Social
Relations

[Hu et al., 2013] Xia Hu, Lei Tang, Jiliang Tang, and Huan Liu. Exploiting social relations for sentiment analysis
in microblogging. WSDM 2013. (Arizona State University )
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Mesoscopic Interaction-based Metric Learning

visual space

/- social images with \ —

behavioral information igiial
-~ 9 p feature
# “ ‘ extraction
= s <,

- Image Distance
e
social space ,

Learning

Social
(r ‘ embedding
B

distance
function

similarity

Framework evaluation
illustration i (gl b o s N o T
i nei r re:onTm:n- 3 | » s
f Sseres 3081;'::: » r dation \l g ) :
! I
1 : ! ’ : ‘L
; : - e : reranking results ; :
\ | > engine v I 7
-~ Wt . PR SR e
[ Visual words with
Weights of high weights
visual words [] Visual words with

low weights

Socially dissimilar

[Liu et al., 2014] Shaowei Liu, Peng Cui, Wenwu Zhu, Shigiang Yang, Qi Tian. Social Embedding Image
Distance Learning. ACM Multimedia, 2014. ( Tsinghua University )
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Macroscopic Interaction-based Popularity Analysis

(e 1
| |
| |
| |
| |
| |
| ) |
"o ol [ Data ,-Q\Q — | Popularity | |
e $s X 1 || Collection |~ | Prediction | I
I ST G /) | | & |
: " s 0@ dilae
o 4 J.--, o 8 an I"‘ I N |
o .- .:.; 0p | |
. A o S N e, ' |
; T, wh e e, O ::%,:" i | I
- 2 Ll el s e g L - ____ 1
o 3 / X
s ’ ) Propagation-based popularity prediction (SoVP)
’ ‘.,{{* i
‘ & sy . x 10°
| 2 .>< 10 ~ 10¢
2 ';‘{_3: i Original Original
i ARIMA sl ARIMA o
1.5I ....... El'lhll_NR e :1N|_§ II| I%{‘
) | SoVP . 6 e o I.«\./.(
.5 1 ;i g -'III:I )
. . . » | Jﬂ 4 I.i!
lllustration of a video propagation & .
. 0.5 ! {4
through social network AR 2
| - PR esead busesc oL oe B -@m\f) e
0 5 120 2 30 0 5 10 15 20 25 30
Day Day
video #1 video #2

[Li et al., 2013] Haitao Li, Xiaogiang Ma, Feng Wang, Jiangchuan Liu, Ke Xu. On Popularity Prediction of
Videos Shared in Online Social Networks. CIKM 2013. (Simon Fraser University )
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Summary: User-perceptive Multimedia Analysis
UGC Metadata
Interaction Interaction interaction interaction
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Generalized User Models

demographic model it : del o
(age, gender, occupation) 'r_]_eres _mo € ,
(politics, music, sports) /

{ social status model ] consuming model F¥=T0]
. . . Ofa
f fl '

(friends, influence, propagation) (electronics, beauty, clothing, ) ;?é

Q&L'k% [mobility model ] [ emotion model }
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Shortage of User Information

v Registration: not troubling to provide v' Choosing from lists: the
the details. taxonomy is arbitrary.
:

uuuuuuuu

@izwawm, H AR T ...

v Privacy issues.

We see
EVERYTHI NG

theantisocialmedia. co



Shortage of User Information

v Registration: not troubling to provide v' Choosing from lists: the
the details. taxonomy is arbitrary.

EHEMGE

Out of the most 190,000 active users on Google+.. "

? The ratio of users providing information

0.385

03 F

0.2 r 0.1236
0.1 F
0

gender birthday marriage

status

' Privacy

theantisocialmedia.com




Extensive Social Multimedia Activities

Social Multimedia Activities User Models
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Categorization of Related Work

[Hu et al. 2007; Jones et al. 2007; Otterbacher 2010;
Demographics Pennacchiotti and Popescu 2011; Ying et al. 2012; Bi et al.
2013; Fang et al. 20144]

[Koren 2010; Xiong et al. 2010; Koenigstein et al. 2011;
Bennett et al. 2012; Yuan et al. 2013; Deng et al. 2014]

Interests

_ [Anagnostopoulos et al. 2008; Crandall et al. 2008; Xiang
Social Status et al. 2010; Zhuang et al. 2011; Sang and Xu 2012; Fang
et al. 2014b]

Mobility model [Li et al. 2012; Yamaguchi 2013; Ahmed et al. 2013]
Others Emotion [Tang et al. 2012; Damian et al. 2013; Gao et al. 2014]
Consuming model [Zhang and Pennacchiotti 2013; Zhang et al. 2014]
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Demographics Modeling from SMA

Demographics

Fang et al. 2014a]

[Fang et al. 2014a] Quan Fang, Jitao Sang, and Changsheng Xu. UserCube:
Exploiting Interaction with Multimedia Information for Relational User

Attribute Inference. Submitted for publication.

]
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Background: Demographic Attribute Inference

Demographic Attributes

Social Multimedia Activities

EW:H /R/F gender

i:gm:pilﬂ_ i

SNS posts

S travel
-aviatinn: =

~tranding”

ethnicity

AT
.

Favorite videos /ﬁ@ﬂ

-.....-....

¥ ‘fﬁ ﬁ occupation
check-in history , | hﬁy xfl'%l

independently




Motivation: Attributes are Connected

B User attributes have positive or negative 1 T young(<=30) M elder(>30)|
intra-relations. 08 [
x 06 1
IT Person 0s H 04
politician s 0.2
businessman . ¢ = .
entertainer Stirdent  Politician Photographer Athlete
photographe I
chef {os Age v.s. Occupation
athlete ‘
professional 03
culture 02 1 , B unmarried Hmarried
doctor o 3
student

Occupation v.s. Interests

Stda'ént Athlete Politician Chef

Marriage v.s. Occupation

( Statistics based on 100 million Google+ users. )



Relational User Attribute Inference

[“o 94

About

Larry Page

- ;,‘a;‘n_g

Posts

tm;:riiﬂ

'About :

Chase Jarvis

Posts

Input

-~

"

/

Face visual J

Profile photo visual J

Post photo visual J

Unigram textual J

Sociolinguistic textual J

Topic textual J \

User Feature Extraction

(a) Separate SVM
Classifier

(b) Stacked SVM
Classifier

i

(c) Relational LSVM
framework

User Attribute Inference

(1) Inferred user attributes
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. photographer
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©00;, & 34.
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Relational User Attribute Inference

B Separate SVM classifier training for each user feature:

Face visual J » » SVM-Eace
Profile photo visual J » » SVM-ProfilePhoto
Post photo visual J » - » SVM-PostPhoto

: Train
Unigram textual J » » SVM-unigram
Sociolinguistic textual J » » SVM-sociolinguistic
Topic textual | » » SVM-topic-based

B Stacked SVM classifier fusion for individual attribute estimation :

/ SVM-Face \ A -’ e
% R -, _Q_',rmumu
SVM-ProfilePhoto ot S g vy
SVM-PostPhoto
» Fusion » Stacked SVM
SVM-unigram - }[
SVM-sociolinguistic ..> female age<30 unmarried

\_ SVM-topic-based _/ 0.83 0.65 0.91



Relational User Attribute Inference

B Relational Latent SVM framework for enhancement

O #()

W ()

g o T, B y()
@ S 8 e()

: : User feature Stacked SVM model
vector for ea/ch attribute
chb(} ht) =[a”o(x, 1)+ > BT o(x, h%
. el
User Feature ).
o ” =
- e M SRR SR

!i Aa. - 0o | E attribute \GEX (i.k)e€

Attribute relations



Experiments: Attribute Example

B Define 6 types of attributes and their optional values:

Attribute Name

Attribute Values

f Gender Y I-Male: 2-Female
Age 1-Young(<30): 2-Elder(=30)
Relationship [-Unmarried; 2-Married
Occupation [-Student(St); 2-Information Technology Person (IT), Software Engineer, Geek: 3-Entertainer, Musician,
Actor, Comedian, Model, TV show host; 4-Writer, Journalist, Blogger, Editor, TV news host, Critics
Lawyer; 5-Politician; 6-Sports star, Athlete; 7-Business man, Economist, Entrepreneur, Market strategist,
Financiers: 8-Scientist, Professional, Researcher, Expert; 9-Photographer Traveler; 10-Doctor, Dentist,
Pharmacist, Beautician ; 11-Chef, Eater, Cook; 12-Engineer, Specialist, Designer: 13-Teacher; 14-Artist,
Religious people, Culture Writer, Designer, Author, Critic; 15-Other
Interest [-Technology, Information, Internet; 2-News, Politics,military, Society; 3-Economy, Business Manage

Strategy; 4-Entertainment, Music, Movie, Fashion: 5-Photography, Travel; 6-Food&Drink; 7-Daily things,
Lives life living, Fun interest, Personal Stuff; 8-Sports, Exercise, Body-Building; 9- Thinker, ideas religion
culture literature art; 10-Health, Medical care, Treatment,Makeup: 11-Science, Knowledge: 12-Other

Sentiment Orientation

[-Positive (fantastic, great, elated, bouncy, jubilant, excited, cheerful, ecstatic): 2-Negative (annoyed,
aggravated, bad, pain, embarrassed, bored, anxious, crazy, depressed, scared, sick, angry, sad, score);
3-Neutral (normal, awake, calm, working, blank, report, news, fact)




Experiments: Attribute Inference Evaluation

Table 2: The statistics of our collected Google+ data
# Users 2,548 #Profile Photos | 2,548
#Posts 846,339 #Post Photos | 88,088

# Attached Objects | 333,331

Table 4: Performance comparison of different methods for user attribute inference.

| | Age | Gender | Relationship | Occupation | Interest | Sentiment Orientation
SVM-Face 0.6194 0.7607 0.5835 0.0741 0.5005 0.3398
SVM-ProfilePhoto 0.5422 0.7185 0.5181 0.0776 0.5002 0.3579
SVM-PostPhoto 0.5047 | 0.6276 0.5193 0.1098 0.5215 0.3671
SVM-unigram 0.5989 0.7239 0.5899 0.2329 0.5490 0.4002
SV M-sociolinguistie | 0.5972 0.7123 0.6081 0.2002 0.5501 0.3922
SV M-topic-based 0.5264 0.5768 0.5376 0.0798 0.5037 0.3333
_ Stacked SVM 0.6054 0.7856 0.6114 0.2373 0.5980 0.4096
[ Relational LSVM 0.7278 | 0.7986 0.6240 0.2507 0.6172 0.4106




Attribute Relation Results

Experiments
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Experiments: Attribute Relation Results

young
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male
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the attribute relation In the labeled dataset the derived user attribute relations



Experiments: Attribute Relation Results
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Application: Structural Attribute-based User Retrieval

Structured query Ranked results

Photographer

female, unmarried

elder, IT person,

Positive

2240880 IB: uosmmummu 1D:101080167733770848150 |D:104833564318573420980 ID:114894575995529057265
Lm’u::. 1m||., .|¢a“’” utes: male, elder, Attributes: male, elder, Attributes: male, elder, Attributes: male, eldar,

married, photegrapher mlrrlld, phetegrapher married, photographer married, phetographer unmarried, photographer

|D 107471075115153530133 ID 1102865872613;2351537 1Dz MISQMMI ID:116086482297888775764 1D:104887406109954440888
ttributes: femals, young, utes: femals, elder, attibutes: famale, young, Attributes: female, young, Attributes: male, lder,

unmm.d sntertainer unmm.d, gntertainer unmarried, host unmarried, photographer unmarried, docter

1 ™

[
. ! ID:106501988196092545170
F‘éﬁl 189723444008348646 (D: 117320686412794415990 ,yripres: mals, young, ID:115516533661138986628 |D:104015835962992611989

N

: male, elder, butes: male, eldsr :
’ unmarried, IT person, Attributes: mals, sldsr, Attributes: male, eldar,
married, IT pereon, positive | married, IT person, pesitive positive married, IT psreon, positive  marrled, IT person, posltive




Extensions

B Attribute-based user retrieval:
O Formulated as a ranking problem;

O Consider social context (graph)
information.

Facebook Graph
Search

B The observed attribute relation as supervision:
O First refine the observed attribute relation matrix;

O Fix the attribute relation as
supervision, to improve attribute
inference performance.




User Interest Modeling from SMA

[Koren 2010; Xiong et al. 2010; Koenigstein et al.
Interests 2011; Wang et al. 2012; Bennett et al. 2012; Yuan et
al. 2013; Deng et al. 2014]




User Interest Modeling: Dynamics & Context

&% ) Sleepsong

[Wang et al. 2012] Xinxi Wang, David Rosenblum, Ye Wang: Context-aware mobile music recommendation
for daily activities. ACM Multimedia 2012: 99-108. ( National University of Singapore )

Bnllieid Ttaatahe e 0ie




User Interest Modeling: Dynamics & Context

—>|Running

Sleeping

e
= Audio content analysis w

= Sensor based activity detection
= Personalization and adaptation

MM\

[Wang et al. 2012] Xinxi Wang, David Rosenblum, Ye Wang: Context-aware mobile music recommendation
for daily activities. ACM Multimedia 2012: 99-108.




User Interest Modeling: Dynamics & Context

[ Activities

-

Ranked le v o
songs list

beethover
H'l:’.

01 Bach AirOn A G String.mp

Playback o °

Controls

(a) auto mode

[Wang et al. 2012] Xinxi Wang, David Rosenblum, Ye Wang: Context-aware mobile music recommendation
for daily activities. ACM Multimedia 2012: 99-108.




User Interest Modeling: Life Styles

check-in

2% douba

music book

events

Dianping

restaurant

9 checkin @84 movie & book J2 music & events
1% 8:00-12:00 = 12:00-20:00 ) 20:00-8:00 @ non-local

footprint (word): combination of domain specific tags (category)

Q (%) shopping mall @M drama, sci-fi JJtaiwan,pop & lecture

living pattern (topic): frequently co-occurring footprints
Q (%) shopping mall + JStaiwanppop + 9())bar

lifestyle spectrum: tree-structured topic hierarchy
(topic hierarchy)

Q\ life-style:1-3-7

()
® 0@

[Yuan et al. 2013] Nicholas Jing Yuan, Fuzheng Zhang, Defu Lian, Kai Zheng, Siyu Yu, Xing Xie, We Know
How You Live: Exploring the Spectrum of Urban Lifestyles. COSN 2013. ( Microsoft Research Asia )




User Interest Modeling: Life Styles

Home  Footprints  Individual  City

i

Living Patterns
@ checkin @84 movie & book J3 music & events
1% 8:00-12:00 * 12:00-20:00 Y 20:00-8:00 @ non-local

1: Q (%) shopping mall @ (%) office @ (%) fast-food

A 2: @M drama 9 (%) office @ (%) office

3: @ (%) teaching building 9 (D) school dormitory @4 drama
9 4: WM drama, sci-fi & politics 84 comedy
o 5: 9 (D) (@) shopping mall Q (%) (@) office 9 (5¥) (@) airport
10 6: @4 drama @ comedy @M action

7: Q (%) coffee 9 (%) western-food @ () bar
8: () (@) shopping mall @ (%) (@) shopping mall @ (-%) (@) apartment hotel

i O OLP 9: & music @4 drama romance Jf3 taiwan
o O ‘7 10: @M drama,sci-fi @84 comedy & fiction
e1®) o) % 11: @4 drama @4 comedy Jd taiwan,pop
o © 2 12: 9 (D) apartment @ (%) apartment @ (1%) apartment
A 13: 9 (D) school dormitory @ (%) school dormitory @ (%) library

[Yuan et al. 2013] Nicholas Jing Yuan, Fuzheng Zhang, Defu Lian, Kai Zheng, Siyu Yu, Xing Xie, We Know
How You Live: Exploring the Spectrum of Urban Lifestyles. COSN 2013. ( Microsoft Research Asia )




User Interest Modeling: Life Styles

@ checkin @4 movie & book J9 music & events

o ©

-
e

a) Beijing

_(:wo O~

b) Hangzhou

IF 8:00-12:00 & 12:00-20:00 7 20:00-8:00 @ non-local

6: B drama @4 comedy B action

7: 9 (%) coffee @ (®) western-food 9 () bar

8: 9 (1) (@) shopping mall @ (-#-) (@) shopping mall @ (-#-) (@) apartment hotel
9: & music @4 drama romance 3 taiwan

a') Beijing

anezhe cuising
———— -

=T

1R (%

2: @ drama.comedy 9 ( ®) (@) coffec @ () (@) western-food

3: 9 (*) (@) train station ¢ (') (@) shopping mall  (£f) (@) outdoors
4: @ drama & fiction J3 taiwan

O: a8 MUSIC a8 get-together @4 drama romance
7:Q(-®) office 9 (-%) supermarket @ ( ® ) fast-food

8: @ drama,actiond story & fiction
| L T )

9: @ (-*) library @ (1) library @ (-¢7) scenic

b') Hangzhou

[Yuan et al. 2013] Nicholas Jing Yuan, Fuzheng Zhang, Defu Lian, Kai Zheng, Siyu Yu, Xing Xie, We Know
How You Live: Exploring the Spectrum of Urban Lifestyles. COSN 2013.




User Interest Modeling: Life Styles

9 checkin @4 movie & book JJ music & events £ 8:00-12:00 - 12:00-20:00 3 20:00-8:00 @ non-local

w
O
17 5 4: M taiwan pop @M action sci-fi & movie
O 5: Q@ (%) (@ airport @ (7)) (@) apartment hotel § () (@) apartment hotel
O O 619 (I Tlﬁ:&[»'ﬁi ) school canteen @ (% )_t;t:h_m_gT)LTl Idin g_:
10 b R T T T T e o T
O Oﬁ 7. Jjapan jpop & mystery japan J3 jpop japan
8: @M drama romance J3 pop,western & exhibition

sg o> 9: & history chineschistory & mystery japan @4 action sci-fi

10: 9 (#) fast-food @ (#) apartment hotel @ (1) institute
O 11: & music & investment finance & get-together

c) Tsinghua students/graduates 12: Jost japan @ cartoon f3 folk inland

¢') Tsinghua students/graduates

1: Q%) coffee _R . w'ﬁﬁ:arll-iin-gﬂ: =i :::

2: @M drama.romance @4 drama,comedy J3 taiwan,indic

O
sz

3 3: @ drama.romance @ drama,comedy @ drama action

5: @ drama.action @M action sci-fi @4 action thriller

9 5
O O O O 4: & music & movie & get-together

o) O 9: @ (%) freeway @ (1) private place 9 (1) freeway

d) BFA students/graduates @~ L — -~ @@ 00w—m T
d') BFA students/graduates

[Yuan et al. 2013] Nicholas Jing Yuan, Fuzheng Zhang, Defu Lian, Kai Zheng, Siyu Yu, Xing Xie, We Know
How You Live: Exploring the Spectrum of Urban Lifestyles. COSN 2013.




User Interest Modeling: Life Styles

@ checkin @4 movie & book J3 music & events £ 8:00-12:00 & 12:00-20:00 3 20:00-8:00 @ non-lacal

Hﬁi‘fﬂcﬁi;?( 0 LQ) aparmu,n: hotel 9 () (@) shopping mall

/7 b 4 9 (‘®) snack 9 ( . ) fast-Tood @ (_‘_] i_':]pEll'lt!"‘st? cuising
O 5 = 5 _._4(_!&_112‘13 omance _.1_d1 amacomedy B drama. action
o O 6y QL ) bank @ (‘%) h(mk'o ("®) subway
O 07 i _j f_lc?l(:l'l_h‘i;l'[ﬂ:(‘r; g 5’ fiction,Jove & mystery japan
EJe; 8: JAfolk.indie A indie folk @M drama
Yo o 9: Q (°#) car-4s & fiction society & cartoon,philosophy

10: & music @ drama romance @M drama comedy
o]
&

a) financial practitioners

O
oY

4: & mystery japan B comedy action & cartoon,mystery

5
O
Q O 5: ﬂl'li\lum pop & music J3 chineserock rock
619( Srapariment Yool 90 j A apﬁr{é! |

mwuuuwuuuwuuwmuwuu I

e Oﬁ i .1 drama romance @4 drama.action @4 drama mmu]\.
8: & lecture & music & ¢ get-together

OJ 94 & programing,computer & algorithm computen @4 drama suspense

gt o Conargas gl i e e B Dty praniion, g

10: @ drama.romance & music J3 taiwan pop

b) software practitioners

b') software practitioners

[Yuan et al. 2013] Nicholas Jing Yuan, Fuzheng Zhang, Defu Lian, Kai Zheng, Siyu Yu, Xing Xie, We Know
How You Live: Exploring the Spectrum of Urban Lifestyles. COSN 2013.




Background: Understanding Social Influence

Human Dynamics for

Psychology persuasion and stress

Influence is Quantitative

--C_

& { < 3arackObama.com

Social Science
Information flow and social network evolution

Mechanism underlying Homophily:

Influence is Qualitative Social Multimedia Computing
Affection on behaviors, preferences or decisions

Is influence Quantitative or

Qualitative?

| “"l H | i | \HH e II“ HHH IIIII“"I“"“IH“
1> On Users) - Jitac Sang. Jans 2018

ﬂ | _U



Motivation: Social Influence is Topic-sensitive

Target user Expertise

travel

™ fashion

Milan Tadtiion show

tech

travel
fashion
tech

travel
Ry " fashion
tech




Data Analysis: User Interest Evolvement
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Data Analysis: User Interest Evolvement
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Data Analysis: User Interest Evolvement

difference after/before adding contact

User A’s action and topic interest is

s Influenced by user B (contact user).
o L¥ * + * *
@ngi*** #x FEF F £ ’ *hy
QA [ * *
w3 |
|




Assumption: UGC Generative Process

B User interest evolvement data analysis:

User A’s action and topic interest is
iInfluenced by user B (contact user).

B Two ways to uploading and tagging:
O Innovative: created based on own interest
O Influenced: affected by contact users



Solution: Multi-modal Topic-sensitive Influence
Model (mmTIM)

 (QObservations g

— Contact network ¢,

— User annotated tags w

— User uploaded images v

act afghanistan american
american busine:

a
pppppp

states
rrrrrrrrrr
wAIING - wed | — - B
tonight . work




Distribution Candidates

g

0 1
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Gibbs Sampling

Input

- N e J) e N
w c® NY()

Initialize Count Compute
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Experiments

O Dataset:
v' 3,372 users (crawl their contact relationship)
v" 30,108 unique tags
v’ 124,099 uploaded pictures
v' 5,000 MSER visual words

O#Topic = 20



Experiments: Case Study

O lllustration of Discovered Topics:

Topic #2 Topic #13
travel vacation landscape trip architecture fashion portrait model dress  style
0.01433  0.01163 0.00867 0.00681  0.00645 0.01213 0.00702  0.00552 0.00486  0.00461

0.3757 0.3453 0.2657 0.2481 0.1755 0.2627 0.243 0.2015 0.1578 0.1204
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Experiments: Case Study

/N
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Application 1: Personalized Image Retrieval

[OBasic idea:

Social-related users’ preference can help understand the
searcher’s preference.

O Query=) influence => ranked results

_____________

_mmull
ey
\‘ ED E> . Query-
i Topic space | Adaptive influence ED
topic 3
/ Personalized rank list

topic 2
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Application 3: Social Media Marketing

O Topic-aware social multimedia marketing:




User Mobility Pattern Modeling

An exarnple of tourlst movements _.
z?phom: ; p(location), -+ .

Gaospaual distribytion
of photos '

geo-location ;

a tourist movement trajectory

Tourist travel trails in Paris

[Zheng et al. 2012] Yan-Tao Zheng, Zheng-Jun Zha, Tat-Seng Chua: Mining Travel Patterns from Geotagged
Photos. ACM TIST 2012. ( National University of Singapore )
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User Mobility Pattern Modeling

Significant traffic transition pattern among Region of Attractions, in Paris

[Zheng et al. 2012] Yan-Tao Zheng, Zheng-Jun Zha, Tat-Seng Chua: Mining Travel Patterns from Geotagged
Photos. ACM TIST 2012.




User Emotion Modeling

B Sentiment, opinion, and action are inter-related:

‘ Support Fracking Vs. Oppose Fracking J

B Egarnple 1 " Example 2
Tweet: Scientists conclude that Tweet: FACT: fracking has
Level safely produced over 600

large earthquake in Oklahoma in
2011 was caused by #fracking trillion cubic feet of #natgas
since 1947.

wastewater injection.

Sentiment: Oppose Fracking Sentiment: Support Fracking

Opinion: Fracking damages U Ser e T
ARt /\ Att'tu de Opinion: Fracking is safe/\

- Opinion Action
vel 1| Level

r

| Fracking Benefits Economy A
Fracking Pollutes the Water

Re-tweet/Mention/Post a Tweet with J
Fracking Causes Damage to Health |
5

explicit opinion toward the Topic

[Gao et al. 2014] Huiji Gao, Jalal Mahmud, Jilin Chen, Jeffrey Nichols, Michelle X. Zhou: Modeling User

Attitude toward Controversial Topics in Online Social Media. ICWSM 2014.
( Arizona State University & IBM Research)




User Emotion Modeling

Fracking Vaccination
<=

N
v

: 6 5
A
Transition 1
o O Matrix
Features | | / b
== Obinions [
\/

Feature
Coefficients
Tweet

User W Latent Profiles

\ m r  between item and topic between opinion and topic

- _ T2 — 2
woglin IR - FOWXOVT; + AJFW,X) - Off;
| :L/WIIF(W,X)S —Plli + Wl
between sentiment and 5 5 5
opinion Fa(IWIE + IVIIE + ISI7)

s.t. F(W,X)=XW'.

[Gao et al. 2014] Huiji Gao, Jalal Mahmud, Jilin Chen, Jeffrey Nichols, Michelle X. Zhou: Modeling User
Attitude toward Controversial Topics in Online Social Media. ICWSM 2014.




User Consuming Pattern Modeling

Table 1: Example of User Information.

Name Anonymous
Gender Male
Acge group 35-44

Facebook likes
(Category)

eBay purchases
(Meta-category)

Beatles ( Musician/band)
iPhone 5 (Electronics)
Starbucks (Food /beverage)
Walt Disney Studios (Mowie)

Table 2: Statistics of Our Dataset.

Users 13,619
Facebook categories 214
Facebook pages 1,373,984
Facebook likes 4,165,690

eBay categories 35
eBay purchases

628,75

Table 3: Examples of Correlated Categories.

S

iPhone 45 (Electronics)
Beatles T-shirt (Clothing)
Beatles Mug ( Collectibles)

eBay Category Facebook Category X
Computers/Tablets | Computers/technology | 52.0
Computers/Tablets | Software 51.9
Music Record label 95.5
Music Musical Instrument 67.1
Travel Bags/luggage 7.9
Travel Book Genre 5.9
Jewelry & Watches | Jewelry/watches 63.6
Jewelry & Watches | Health/beauty 13.4
Cell Phones Telecommunication 67.2
Cell Phones Electronics 46.1

[Zhang and Pennacchiotti 2013a] Yongzheng Zhang, Marco Pennacchiotti: Predicting purchase behaviors
from social media. WWW 2013. ( Ebay )

[Zhang and Pennacchiotti 2013b] Yongzheng Zhang, Marco Pennacchiotti: Recommending branded

products from social media. RecSys 2013




User Consuming Pattern Modeling

Table 3: Examples of Correlated Brands.
Purchased brands | Liked brands pmi
Victoria’s Secret Paul Frank 1.35
Soda, 1.32
Designer Skin 1.29
Too Faced 1.24
Table 2: Statistics of Our Dataset. Derek Heart 1.23
Users 9.398 HTC Sony Ericsson 1.62
Brands 4,445 HTC 1.50
- — Galaxy 1.17
Facebook categories 214 T-mobile 1192
Facebook pages 1,373,984 Monster 1.10
Facebook likes 4,165,690 Pottery Barn Talbots 3.46
eBay meta-categories 9 ﬁ?gﬂa’ Republic ?gi
eBay branded purchases 174,190 Bath & Body Works 161
Vera Bradley 1.58
Nike Supreme 3.02
Air Jordan 2.67
NBA 2.44
59Fifty 2.17
New Era 2.07

[Zhang and Pennacchiotti 2013a] Yongzheng Zhang, Marco Pennacchiotti: Predicting purchase behaviors
from social media. WWW 2013.

[Zhang and Pennacchiotti 2013b] Yongzheng Zhang, Marco Pennacchiotti: Recommending branded
products from social media. RecSys 2013




Summary: User Modeling from SMA

Demographics

Interests

Social Status
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Big Data & Multimedia

Big Data : any collection of data sets so large and complex that is
difficult to process using traditional techniques. --- Wikipedia

Wikipedia 13000+4 2 ¥/ B[ OvineShapping
(10GB) App T et e
100% CAGR

onsuming hislc

1000PB
(:ﬂa CAQ

200 of London's 2004 Walmart
Traffic Cams JTransaction DB
(8TB/day) (500TB)

Imaging Data

(500TB/yr)

Total digital data to be created this year 270,000PB (ioc)

Enterprise & government

Internet data Personal data
data
According to IDC, in 5 years, the BAT ( Baidu. Alibaba. EMC2 estimated that an
data storage will reach 18EB Tencent ) possess data in the individual contributes to average
(10%) ,in fields of scale of 10EB ( 10'8) , and 45 GB personal data (public
telecommunication, financial increase at a speed of PB per service, credit record, video
services, health care, public safety, day. surveilliance, social media data,
transportation, education, etc. etc.)



Big Data & Multimedia

Big Data : any collection of data sets so large and complex that is
difficult to process using traditional techniques. --- Wikipedia

I « oS &S

Enterprise & governm Intern@data
data

Personal data

-
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Big Data & Social Multimedia

B Social Multimedia has significant big data “4V” characteristics:

& YouTube: #[videos] >
2 billion ;

& Facebook: #[pics] >
300 billion,

Wi

¢ YouTube: uploading 72
hour video per min.

¢ Skype:upto 14
million mins chat
per min

rhuge

volume

exponential
growth

© ke yoouus

source : desktop/mobile,

h*_ KV m

N

sources.
formats

low value

density

*

*

*

*

official/individual ;
format : traditional -
photo/video/audio, new
media-pic tweet/audio
pic/geo-tagged media,

format : 1 hour video
with few semantics ;

generation : open
environment -> low
quality, duplicate data ;

demands : personalized

@‘ﬁ‘a\’\alﬁ Y \



Big Data & Social Multimedia

.
( sources.
formats

p
huge
volume

capacity in data
__storage

—

=

efficiency in data
capture &

low value

exponential
growth ) L

density |

computing

complexity in data
analysis

data accuracy and
quality



“Variety” in Social Multimedia

ore o 2
.. TWEET-VCQ
L Multiple
B o
\— 8 Modalities

received extensive attentions in
the “small” data era




“Variety” in Social Multimedia

beyond multiple modalities:  the heterogeneous data created
O same modality, different informatioand consumed in various social

ﬁ» You. upload favorite playlist rate media networks
"0

0o0gle+ share  comment +1 = Online Shopping
G 8 e'”w Netwnrfs
consuming history
i i Question-Answering[®) <5
’ ©) @Mlcmblog%ng & g ff Nt worke 9@9’
O Content + Context. real tlmestream qd i “-‘J i i subjective knowledge
[ J = l'.'!_ w B
; == discover. Il
C @ l Media Sh?nnn Networks Social Networks{{}] [F1 B
= - ‘ ou
31 T é T d- o social interaction pattern
2 multimedia conten
: lé’"ﬂ T e Check-in Networks &7 & {}%f& <&
| roana RS STk geo Iocatlon pattem




“Variety” in Social Multimedia

the heterogeneous data created
and consumed in various social

. . media networks
beyond multiple modalities

7= Online Shopping
B+ " Networks

consuming history
" Microbl in Question-Answering[®) <
26 & Oglgs g gf o Networks @@r
real time stream 9-! . “-‘J FM 3% s subjective knowledge
[ ] — = ~ 2.
et i
Media Sharina Networks Social Networks{{}] [

|| You
It;} — social interaction pattern
multimedia conten
T S N Check-in Networks @4 & Q%f& f@

geo Iocatlon pattem L pee




“Multisource” in Social Multimedia

B Macro-level analysis:

0 Characteristics of different social media networks.

- degree distribution, clustering coefficiency [Ahn et al. 2007],
- degree centrality, shortest path [Magnani and Rossi, 2011];

O User activity patterns in macro-level.

- user tagging patterns [Guo et al. 2009];
- user participation motivations [Choudhury and Sundaram, 2011].

O Diffusion dynamics between social media networks.

- cite and influence correlation [Leskovec et al. 2007];

- diffusion and evolution patterns [Rodriguez et al. 2013];

- jointly analyze network characteristics, user activity patterns, and
diffusion dynamics [Kim et al. 2014]



“Multisource” in Social Multimedia

B Micro-level analysis and applications:

O Concept: different perspectives for the same concept/event, e.g., the
distribution and evolution of social events among Twitter, Facebook,
etc.

Jasmine
Revolution

@

v

- : .

O User: different domains involved by the same
individual, e.g., unigue user registers and SR
participates into several social media websites. fllg_l,f;jf‘;__;____@




User-centric Solution

B Heterogeneous data among different social media networks share
the unique user space:

a [f7) Cnline Shogping

Mi robl ] consurming hislory Question-ANRwerin m
B0 6" ™ - 2| " Notwore N\, o

&
ok o
real-time siream q-'d . ‘ﬁJ _ 3?% subjective knowledge
= " R o d oE—mmr——u
B — RERIT BT YrEoO!
' ANSWERS
= O 5= "
Oo ¢

BT ~ , O ==
dlﬂshn% Networks OO o (o) O SocialNe m“
O

|t'&! — social interaction pattern
multimedia conten

o ONx 8
cosoes ¢ oo




Cross-network User Account Collection

B |dentical user account among different social media services.

Google+
(1] Tube)

B Users are voluntary to discover

Google
_i ‘ account

their accounts in multiple networks.

about.
jitaolsang

W + A4 Emaime

Google+

jitao sang

Yorked at CASIA
Lived in Beijing

Links

Dther profiles

W twitter.com/cheney8023
R cnlinkedin.com/pubyjitac-sang/32/697/39%

Tencent {

accou nt
OIS

t.ggq.com

-

M User account linkage mining
is a separated research topic.

Instagram Flickr




User-centric Cross-network Dataset

~ flickr AP
API

- k AP
ic :
|_J}> u___ ____\_/ $ < SnstogroiiNsy Cross-network

You m Dataset
jitao'sang @J““ Yol API

& il e

\-Google+ API
Identify cross-network user

accounts for unigue individual Use corresponding APIs

to collect user data




User-centric Cross-network Dataset

200000 ¢
152800
150000 F
) L 112691
180,000 registered o
_ 2 100000 |
users in About.me. * 64269
s2504
50000 33376 29834 26854 25014 25459 10014
14267

Over 50% users share R o S S T |
at least 4 accounts. S — R SR O
@ Ohf .................. .................... .................... .................... ................... i

02k .................... .................... .................... .................. _

OO é A é é 1b 12

#account




User-centric Cross-network Dataset

TABLE 1

STATISTICS OF THE COLLECTED DATASET.

Social Relation (M)

Social Activity (M)

created consuming
Twitter following:33.4; follower:25.1 tweet post: 70.8 retweet: 129.0
Gooples 3 article post: O.{S: photola]_bum article reshare: l_.9: photo/album
post: 2.5 video post: 0.1 reshare: 3.7; video reshare: 1.3
Instagram following:6.3; follower:6.5 photo upload: 5.3 like: 13.8; comment: 3.2
Tumblr - (posl [PTX,[: 4'5,: photc?: 2 link: 1.8; quote: 1.1: reblog: 2.8
dio: 0.3: video: 0.8

Flickr contact: 0.8; groups: 0.6 upload photo: 7.3 favorite photo: 0.5

YouTube - upload video: 0.4; comment: (.7 favorite: 0.3;  play list: 17.1
sum 82.7 974 176.5

Google+ = flickr
S i mbir. You @)




User-centric Cross-network Social Multimedia
Computing

User-centric Cross-network Social

Multimedia Computing

A

4 A\
From Users: On Users: For Users:

Cross-network
Collaborated Multimedia

Cross-network
Knowledge

Cross-network User

o - Modeling o
Association Mining Applications
Mining the correlation based on Integrating heterogengous user Exploring user-centric cross-
overlapped users’ perceptions. data for comprehensive user network characteristics to design

understanding. collaborated solutions.



User-centric Cross-network Social Multimedia
Computing

User-centric Cross-network Social

Multimedia Computing

N
4 - ) N
From Users: On Users: For Users:
_ Cross-network
Cross-network Cross-network User ol R T

. ollaborated Multimedia

Kr?oyvledgg _ Modeling 7

Association Mining Applications
== on|  Integrating heterogeneous user Exploring user-centric cross-
:C,J data for comprehensive user network characteristics to design
understanding. collaborated solutions.

Ming Yan, Jitao Sang, and Changsheng Xu. Mining Cross-network Association for YouTube Video Promotion .
ACM Multimedia, 2014.




Background: Heterogeneous Knowledge Association

Heterogeneous Knowledge Association Cross-network Application

[
°
i

Taobao com

<;>"//‘””w r

Qd.da., Jelag
U J QUG G J

IJ-III

UGC behaV|or Consuming ceEss
e.g., tweeting hlstory pattern Targeted advertising

YouTube video _ TWlilEt_fﬂllt{‘fiee

et ]

PSY - GANGNAM STYLE (252 6 ) My
)

Mu\tmsd '1 Tl‘B.R

.J ran Sang 1 Rill: tﬁ D"hq Spelr==
.

58023

,ufal[awee

Video browsing Following o ﬂng.iﬂk:ﬁ.,é
behavior social network i

E»
R
i

Cross-network video promotion

18



Challenge: Cross-network Knowledge Gap

O No explicit association O The association is not
exists between different social necessarily semantic-based.

media networks.

Traditional semantic-based solution cannot address all scenarios.
A data-driven cross-network association mining solution is
needed.

19



Motivation: Overlapping User Collaboration

B Assumption: If abundant users heavily involve with pattern 4; in
social media network A and pattern B; in network B, it is very likely

that pattern 4; and pattern B; are closely associated.

pattern B;
.|||| ~A

pattern AiA ::::’ - ‘. pattern A; A @A pattern B;
\\\\ i -
lanak,

~N

N
~N ‘
\

B We refer to this associated pattern pairs
as “crowd-perceptive correlated”.




Cross-network Knowledge Association Mining

—— ACM Mulimedia
i ‘1 E% 2011 g "M__

7 DS

bl .‘i@ L il
h 8022

followee
ruw

YouTube video  Twitter followee
<y
Social Media| i » _Topic ’
Network A |~ [ Discovery
S

Overlapping User-based| g CYAOpSSI-ig&ela/(\;CrJ]rk

Topic Association

¢¢¢¢¢
e [ 4

ocial Media i Topic

i i =
Network B Discovery ’

21



Twitter user friend network

l
l T
. | ()
H MRS ACM Multimedia P} I . .
D BEe on Association
a il @acmmm14 ) ) LDA i i I
Username gg‘fé‘ﬁs ? bt it ny[:) | Mlnlng
@TwitterlD e ,ufollowee I ;
u
! , z'/
I p(z"|uw)
i | lenon,| =
YouTube videos V 1 p(z"|v)
| I I
: — |
; — —> iCorr-LDA 1 > | Aggregation
‘ d — | [ X N
4L ; l
' p(z"|u)
| otn,|
. l
Twitter user tweet stream I p(th |u)
[ I ZTt
G ! ;\I/cg;gtl;;:;ui::smennal : [DD.D.U.; ASSOCiation
ea — > LDA > -
Nlc@mcmg Aug 28 I M | n | ng
Username | like music @britney...
@TwitterID 000 utWEEt I
1

Heterogeneous Topic Modeling Cross-network Topic Association

22



Cross-network Topic Association Mining

overlapped users
p(w|z"") p(wlz™) ur U, uy
music
S ,’

ﬂ b p(w|z")
Eﬂ rap ds
: X : album
p(eL ) N , ' p(c
oI »
~ ~
o ™= — i m

Twitter topic space YouTube topic space



Cross-network Topic Association Mining

p(z¢ [u)

o, =

@

Transition Probability-
\ based Association

Regression-based
Association

@O

Latent Attribute-based
Association

p(z

T
k

»




Cross-network Topic Association Mining

Transition Probability-
‘ based Association

Twitter Disteibution

~
~

~y -

~ -

the same overlapped user

-

Transfer Matrix_ _ - =~

-

over all the

overlapped users

uet, |

]

Ty =p(z|2}) = ) pflw) - pQulz))

/.;‘\Ug' .ee R N

e 1

YouTube Distribution



Cross-network Topic Association Mining

p(z¢ [u)

distributions will deteriorate

Noisy user topic

the derived association.

Regression-based
Association

\
o

\ L

atent Attribute-based
Association




Cross-network Topic Association Mining

Regression-based
‘ Association

min | '

Overlappéed user
Twitter distribution

Overlapped user

vy
cee

Us

T

1 norm: Lasso problem
2 norm: ridge regression problem

2
= ),

YouTube distribution



Cross-network Topic Association Mining

Noisy user topic
distributions will deteriorate
the derived association.

p(zk [u) p(zk
(1) Non-linear association
is not allowed. » ]
(2) Non-overlapped users b o
are not exploited.

3

Latent Attribute-based
\ Association




Cross-network Topic Association Mining

atent Attribute-based
Association

YouTube
distributi

Twitter
distribution

shared representation
coefficients

S s

~

J

Latent user attributes




Cross-network Knowledge Association Mining

atent Attribute-based Not only coupled to unique user attributes over the

Association overlapped users, but minimizing the reconstruction
error over all the non-overlapped users.

[IUY = DYSY||5 + [lUT = DTST|15 + A311So111 + AallSnonll1+2s511STonll1
s.t.||d¥|| < 1,||dY|| < 1,vd € D

min
DY,DT,SY,ST

A [Ug' U%on]/
U" = [U7, Ufonl;

DY, DT: base vector in latent attribute space; SY =[S,,S¥, ]
or~“nonlt’
S: shared latent user attribute representation. ST =[S, Sponl-

DYI DT
* : Y_DY 2 y)
Hh. g | T oD Al gy

T T o*
u =D's T

v
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Experiments: Cross-network Topic Association

B Quantitatively calculate Mean Absolute Error (MAE) over half of the
overlapped users.

.014
0.0135 +
0.013 -
0.0125
0012 -
0.0115
C.011 -

MAE

0.0105

0.0135

prediction error over all topics in
Twitter topic space

0.0132
0.0129
0.0122 5 @
0118 ueu
MAE — test _
|11test|'

TP

Regression Regression | a gyerap al

n 12

Co - >

31



Experiments: Association Mining between
Twitter Tweet & YouTube Video

digital

android iphone apple phone windows

Word

“Acer Iconia Tab Bl Kurztest auf der CES”

P !':
R W= et [1=)

“*ASUS Eee Pad Slider Unboxing”

Topic D Video

“Acer Iconia Tab A510 Kurztest”

Gt Fraw Android Betal ‘
@ g
-} 2

TABLE III
VISUALIZATION OF DISCOVERED TWITTER TWEET SEMANT ‘davices
TWITTER SEMANTIC-BASED TOPIC SPACE. #2
| Topic | The top-5 probable tweet words in terms of p(w|z7*) |
| #12 people news government vote state %, J Word obama paul president barack fox
#57 google | android apple phone | windows ||<€**4 “Obama Tax Cuts - Worse Than Bush Plan”
#3 ame fcam cup win__| worldCup % - !' S §
v
g G\D
Video
. . 30
presidential N7/

election

32



Experiments: Association Mining between
Twitter Tweet & YouTube Video

Word horse train ride jump class
“Ewveryone talks about riding a horse...”
ey || I Rt
\S /\ “Walk to halt to back up.”
social media marketing (1) vioeo| e T N i
T0p161/| Top-5 probable words Canter, and pirouttes 3rd and 4th 1Level.
#59 social marketing | business | search brand [ l ]‘“_-
13 | drinki b b 1 ftb
i Snene o o ac cra oo Word obama paul president barack fox
,\ “*Obama Tax Cuts - Worse Than Bush Plan”
beer e - _
/} /T\ “Will Ron Paul Endorse Mitt Romney”
opic _
Vid
US q £30 ideo
presidential
debate

33




Experiments: Association Mining between
Twitter Network & YouTube Video

TABLE IV
game V|deo VISUALIZATION OF DISCOVERED YOUTUBE TOPICS.
@ Word | gameplay xbox playstation gaming minecraft ]
i “Epic Mods - MW2 MOD IN CoD4”
game- Visualization of discovered Twitte: semantic E L - “
O ~Aarrol Q T
rela r pic User Location | #follower Self descirtibs C'ated “HEXXIT COOP ep7 w/ Double”™
Markus | Stockholm. apocn Hey. you! Play morg ‘ ﬂﬂ
Persson Sweden 1,436,534 games! Now! TOpiC X i - R F
Steam. The Ultimate #1 Video LR “ “
#43 Steam 932.044 Omnline Game Plat-
form. “Halo 4 Adrift Multiplayer Map”
Humble S'fm Fran- 192.764 News from the Hum- ‘ : :g‘.
Sascha Berlin. 161.099 Author. Internet. 7 N .
Lobo Germany _ [ Word history german berlin germany poetry
ietzpo- | Berlin Entrepreneur. activist. “GEH STERBEN, DU OPFER!!!”
438 ! l'rPk Germa 1 . 120,014 organizer of] _ ’
"2 - rmaiy (@republica. W F- I I L1 ?ﬁsg
Mario Berlin. ) Journalist. Photogra- L. L i 'ﬁ\
I - i 60.542 pher. Hier mehr oder - -
Sixtus Germany weniger “Syrien - Wahrheit ber das Massaker”
- “ i Topic ] o - z
Berlin popular geographical | 47 | video “alﬂ.n
followees correlated “Volker Pispers - Einzellater

German TV show

\

DGRy

I

NPO Vorstand ‘
[pedeC 1o rein -

34



famous actor

Table 4: Visualization of discovered Twitter followee topics.

war &

Experiments: Association Mining between
Twitter Network & YouTube Video

Table 3: Visualization of discovered YouTube topics.

Topic Username Location Self-description
[ Conan Los .
O’Brien Angeles The voice of the people. Sorry, people.
#57 Louis C.K. New. I am a comedian and a person and a guy who
York City | . “. ° :
is sitting here.
NelIEI PaF“Ck Hollywood | I act some. Dig variety acts, Pixar, puppets,
arris
theme parks and great meals.
Steve . \
Martin - From Jerk to proud Oscar winner! Oh, and a
\ new CD with Edie Brickell is out now.
( Kevin Rudd Austraha Former Prime Minister ol Australia. Proud
- father of 3 great kids.
#58 Julia Canberra —= - - g= =
. i .| Official Twitter account of the 27th Prime
Gillard Australia . R
Minister of Australia.
ABC News Australia Latest news updates from the Australian
Broadcasting Corp.
Malcolm Sydncy-, Federal Member for Wentworth, Minister for
Turnbull Australia . . . .
Y Communications. Australian Parliament.

official account

cute

7
politi

Topic

#4

Topic

#35

anim

Word war gun syria iraq nuclear )
“Why US has no moral authority on Syrian
Cal chemical weaponq‘? ’
R
“Airsoft War L96 SNIPER Actlon M4 P90.”

“Assad Running Out of Time in Syria.”

; Word cat dog cute parody pet %

Video

Al

“CATS SCREAM YAWNS”

) |
—
: =

“Curious Rhodesian Ridgeback Dog Grumpy n
Barking At Noises”

B0 BBy

“Cat Bath Freak Out - says 'NO!” to bath”

A
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User-centric Cross-network Social Multimedia
Computing

User-centric Cross-network Social

Multimedia Computing

A
4 I
4 From Users: ) On Users: For Users:
- Cross-network
Cross-network Cross-network User o] et
. ollapborate ultimedia
Kr?oyvledgg _ Modeling =
Association Mining Applications
Mining the correlation based on| ~ Integrating heterogeneous user Exploring user-centric cross-
everlapped users’ perceptit You@) vupload favorite  playlist _— vork characteristics to design
0.20 1.25 0.35 0.30  collaborated solutions.
Google+ share comment +1
3 i 0.08 0.37

Zhengyu Deng, Jitao Sang, and Changsheng Xu. Cross-network User Modeling with Local Social Regularization.
Submitted for publication.




Background: User Data are Heterogeneous

B Heterogeneity is beyond modalities.

image tweet

geo'—tagge.d video
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Background: User Data are Heterogeneous

B Heterogeneity is obvious within the same modality.

p » Ygu upload  favorite  playlist rate

Goc j8[€+ share comment +1

B Complex social interactions aggravate the heterogeneity.

[
| Plus N L
P J b
y 1 “‘__4_--- N t A

e v | userinteraction \

\ osts
. posts | on certain topic X b /

/\ :
/X res hare
comment _ v Yo =oF

-‘\\}\/ //4I
A A

|
|
v ,, LI I
A F /

A A r__,/"/ .;“X -

;;;;! posts ﬁ?ﬂ
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Motivation: Integrating Heterogeneous Data

B How to unify different behaviors?

Cross-network user behavior quantification

Youllllil: upload favorite playlist rate

- 0.20 1.25 0.35 0.30
share comment +1

oogle- 1 0.08 0.37

B How to integrate social relation with behaviors?

Collaborative filtering with local social regularization

sssss

Latent user space

39



Cross-network user behavior quantification

share
upload

Google-+

Yﬂll TUbe playlist comment

favorite

+1
rate

40



Cross-network user behavior quantification

upload, .\ 4 A A

favorite
matrix

A1l

A 1
A

A A A A

A
A
A

A user
(share A A video
matrix A A AA
All 1
A 1
layli N = o
amix A A A A COMI]A A A A
A A 1
A 1 A
A A
ixlA A A A
Al 1 A 1
A All

A
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Cross-network user behavior quantification

B Multiple-kernel learning:

Ny
A = Z PO * Ay
t=1

oA A A A
A1 1
A 1
A

favorite
matrix

= ¥1

A
A
A

+1
matrix

A A A A

A
+ Pt
A
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Cross-network user behavior quantification

share A A A A
matrix
A 1
woad p A A A 4
maﬂx ) " 1
A 1 fused matrix
A
Playlsta A A A A A A A
KX
f;vgiiieA A A A : 1 » A 35 22 03 13
A A 1.1 5
A 1 +1
A matrAixIA A Al A A 2.1 0.7
2 1A A A A Al 1
matrix A 1

> > >

1 1
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Collaborative filtering with local social regularization

313

44



Collaborative filtering with local social regularization

45



Collaborative filtering with local social regularization

N,

W video space latent user space y —
: s t i R
0 Google+
. : Derived user latent
Social interaction representation
on Google+
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Experiments: Evaluation on Video Recommendation

TABLE V
THE LINEAR PARAMETERS OBTAINED BY MKL
S
favor upload play comm rate +1

0.2162 | 0.1895 | 0.0968 0.1211 0.1114 [0.3559

TABLE VIII
THE PERFORMANCE COMPARISON OF DIFFERENT STRATEGIES BY MAE
Training data  Metrics PMF SocMF1  SocMF2 MFCML MFCMS  GSocMFCML  GSocMFCMS  |LSocMFCML  LSocMFCMS
W% o 665 22 3% Si%  Sesa 4w 2eee | 028 02203
0% pove 454%  442%  Lsen  sSon a0 71ee 1 | 022 oam
o AL UBEo0nRoanioompo0mR om0 | s s
0% e So 2m%  Sisq Si3a  2ese  deos g | 0285 028
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User-centric Cross-network Social Multimedia

Computing

User-centric Cross-network Social

Multimedia Computing

A

-
From Users:

Cross-network
Knowledge
Association Mining

Mining the correlation based on
overlapped users’ perceptions.

( On Users: h

Cross-network User
Modeling

Integrating heterogeneous user
data for comprehensive user

\ understanding. y

~
For Users:

Cross-network
Collaborated Multimedia
Applications

Nng

Super Bowl 2013

==Twitter ===YouTube
300

7ha Super bowl XLVII

200
[

7]
a 150 .
R,

1 6 11 16 21 26 3 36 41 46 51 56

Elapsed days

Zhengyu Deng, Ming Yan, Jitao Sang, Changsheng Xu. Twitter is Faster: Personalized Time-aware Video
Recommendation from Twitter to YouTube , TOMCCAP, 2014.




Challenge: Sparsity in Personalization

Application :
Real-time Personalized video search
/recommendation Challenge :
Sparse user data in single
\ g network , difficult to

_ capture the interest drifting

Long-term Short-term
interest interest
Stable and on general Evolve with time, vulnerable
topics, e.g., sports, to transient events, e.g.,
politics focuses on FIFA World Cup

around July, 2014

49




Motivation: Twitter is Faster

B Twitter has been recognized as an efficient platform for information
sharing and spread.

TweetQuake

Mentions of “earthquake” on Twitter in the 5 minutes
following the August 23, 2011 Virigina earthquake

Mors tweets =

Alan Mislove', Sune Lehmann®, Yong-Yeol Ahn®, Chloe Kliman-Silver*

‘Northeastern University ‘Indiana University

Technical University of Denmark *The Winsor School

“Virginia earthquake” tweets heat map (08/23/2011)

“““““““““““““““““ MMM 2015 Tutorial (Part I11) - Jitao Sang

50



Motivation: Twitter is Faster

B Twitter is faster than many social media services

O Twitter is faster than Wikipedia. O Twitter is faster than Digg.

2000

Latency (Hours) Mean Distance Standard deviation

1500
beeene S s
2 v Will this conclusion apply to Ciory. s
1 : e el
Boual micro-level?

Loading v Is the time interval unique for
: different topics? olhoury T T

Table 1: Mean and stand Jdigg
between Twitter first-stories and neare. el

page titles. 1000F
800 |
@ 600}
©
@
2
3 E
400 story1: all retweets
- story1: fan retweets|
- story2: all retweets
200 story2: fan retweets|
story3: all retweets
- story3: fan retweets|
0 . . : T T
0 20 40 60 80 100 120
time (hours)
(b) Twitter

51

i
. E

..7



Data Analysis: Statistics

O The examined 22 trending events.

Topic Topic Topic
1. US presidential election 2012 9. Samsung Galaxy S 111 17. google glasses
2. gangnam style 10. Michael Jackson 18. call me maybe
3. super bowl 2013 11. Christmas 2012 19. Spider Man
4. Olympic 2012 12. Google Nexus 4 release 20. Skyfall
5. Justin Bieber 13. Iphone 5 release 21. End of the World 2012
6. star wars film 14. Call of Duty: Black Ops 11 22. Whitney Houston
7. The Dark Knight Hises 15. Doctor Who TV Series
8. Minecraft Game 16. Prometheus

Table 1. The final selected trending topic list

O The involved user number for each event.

T1 T2 T3 T4 T5 Té6 T7 T8 T9 | T10

Twitter 2908 | 3850 | 1107 | 1376 | 1071 | 2385 | 2251 | 857 | 1164 | 519
YouTube 949 | 1181 | 239 | 310 | 405 | 1171 | 638 | 572 | 458 | 321
Both Two 521 | 602 82 115 78 350 | 219 | 221 192 62
T11 | T12 | T13 | T14 | T15 | T16 | T17 | T18 | T19 | T20

Twitter 4155 | 1434 | 2708 | 890 | 1114 | 791 | 1704 | 897 | 951 | 1254
YouTube 1270 | 361 | 497 | 174 | 586 | 231 | 658 | 508 | 264 | 249
Both Two 729 | 189 | 246 63 177 75 269 | 117 32 85

Table 2. The user number who have referred to each of the selected trending topics
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Data Analysis: Cross-network Temporal User
Behavior Analysis

B Twitter responses faster than YouTube in macro level

== T\Vitter ===YouTube
300

250 \
200 Super bowl XLVII

AFC and NFC

150 Division ] )
championship

100 Wild-Card Riund

52 Rou\nd /

1 6 11 16 21 26 31 36 41 46 51 56
Elapsed days from Jan.1st, 2012

#Users
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Data Analysis: Cross-network Temporal User
Behavior Analysis

B Twitter responses faster than YouTube in individual level

T1 T2 T3 T4 TH T6 T7 T8 T9
#Twitter earlier votes | 352 | 414 58 80
#YouTube earlier votes | 169 188 24 35 28 169 84 80 52 22
The ratio 2.08 | 220 | 242 | 229 | 1.7T9 | 1.07 | 1.61 | 1.76 | 2.69 | 1.82
T11 | T12 | T13 14 | T15 | T16 | T17 | T18 | T19 | T20
#Twitter earlier votes 480 | 155 | 177 48 107 45 181 61 48 42
#YouTube earlier votes | 249 34 69 15 70 30 88 56 34 43

The ratio 1.93 | 4.56 | 257 | 3.2 | 1.53 | 1.5 | 2.06 | 1.09 | 1.41 | 0.98

T10
50 181 135 141 140 40

Table 3. The number of user votes for “T'witter is earlier” and “YouTlube is earlier”
and their ratio on the topics in our trending topic list
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Data Analysis: Cross-network Temporal User
Behavior Analysis

B The cross-network temporal dynamic characteristic is topic-sensitive

Category |Celebrity| Technologyv|Movie|Game|Sport
The ratio| 1.87 S 27 1,31 ||248 | 2.35

Table 4. The user vote ratio between Twitter and YouTube on different categories
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Cross-network Collaborated Video Recommendation

O Data analysis conclusion: for specific user, his/her short-term interest
change emerges first on Twitter

O Basic idea: exploit the Twitter behavior towards short-term interest
modeling

r
User tweets

Short-term user » Long-term user
modeling modeling
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Cross-network Collaborated Video Recommendation

O Dataset: evaluate on 10 of the 22 trending events.
O Ground-truth: user’s favorite videos on YouTube.

O Baselines: only considering user interested topics on Twitter, or profiles
on YouTube.
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User-centric Cross-network Social Multimedia
Computing

Cross-network Cross-network Cross-network
Knowledge Association User Modeling Collaborated Multimedia
Applications

Super Bowl 2013
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|\C/)|\I/I’;In§ thgdcagrei?t'%rscgai?gnzn data for comprehensive user network characteristics to design
2l 2 P | understanding. collaborated solutions.
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TKDE under review




Summary

User-centric Social

Social Multimedia Multimedia Computing

From Users: user-perceptive
multimedia content analysis

On Users: social multimedia
activity-based user modeling
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Practical Challenges




Lack of Benchmark Dataset

O Large-scale benchmark dataset on respective multimedia, user, and
social network, but none including all of them.

NUS-WIDE T e
"._- Tags: art, girl, Ii‘l.\) h ﬂ e : ey, W
WOMan, wow, X PP /e
dance, jumg, ' y L dadl
dancing , X g S Pk

"

. REHRDI0E-4A208

O Due to the problem variety, most researches conduct experiments
on the self-collected dataset.

O The lack of benchmark dataset discourages the follow-ups of other
researchers and the progress of new problems.



Evaluation Dilemma

O User ground-truth intent and demands are difficult to obtain in open
network environment, especially for the personalized information
services.

O Existing data-driven evaluation strategies are either unable to reflect
real intent/preferences or limited in scale (e.g., favorite record as
indication of preference).




Privacy

O Privacy breach: learn the private information of an individual from
the publicly available user data.

3
Since this is a home, the exact + “"'ga

location is not shared here. This - =y
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( “We know where you live.” LBSN 2012.)



Privacy

O Privacy breach: learn the private information of an individual from
the publicly available user data.

O Data anonymization is not adequate to preserve privacy: social
media data exhibit rich dependencies.

What Revealing Search Data Reveals AO L S earc h er #441 7749

ACL posted, but later removed, a list of the Web search inquiries of 858,000 unnamead users on a new Web site for academic researchers. Anin
with one of those unnamed users, Thelma Arnold, combined with her data reveal what she was searching for, why and on which Web sites.

Thelma Arnold Interests

A sample of Thelma Arnold’s search data released by AOL Why the search
4417749 swing sets 2006-04-24 153330 4 hupy//www.byoswingsetcom X e . i i . i
4417749 swing sats 2006-04-24 153330 9 hitpy//www.buycholce.com I was thinking ab 62 year old widow 60 Slngle men
4417749 swing sets 2006-04-24 1%3%30 10 hitpi/)) i my grandchildren” . " . s .
4417749 swing sets 2006-00-2¢ 153830 5 hitpy//wwwchildlfe.com « Lilburn, GA resident = aameetings in georgia

4417748 swinp sets 2006-04-24 153830 6 hitp://wew.planitplay.com

* plastic surgeons in
gwinnett county

* applying to west point
* bipolar

* panic disorders

* yerba mate

» shedless dogs

b
hitps/ Swwew.bizrate com “I was looking for :

“Awoman was in |
[public] bathroom
She was going tho
divoree. | thought 1
was a place called

by Lori, for singles

imb
danees by laurs
4417748 dances by lorl
4417748 single dances
4217748 single dances in atlanta
44

4217748

dances in atlanta

4417748 competitive market analysis of homes in lilburn 2006-05-14 121452 #] wanted to find o
4417748 competitive market analysis of homes in lilburn 2006-05-14 11617 = . f
4417748 competitive market analysis of hames in lilburn 2008-05-14 1216:43 my house was wor movies 10r dogs

* new zealand real estate

NY Times, August 9, 2006: “A Face |s Exposed for AOL Searcher No. 4417749"
2007 Louis Rosenfeld LLC. Al rights reserved. 3



Promising Topics




From Users: Knowledge Base Construction

0 Social multimedia involves with rich multimedia information and
complicated user and community social information.

O To facilitate user services as well as pursue multimedia understanding, it
is of particular significance to construct social multimedia knowledge
base that: (1) connects between heterogeneous data, and (2) integrates
user awareness/perception.

QA




On Users: Heterogeneous Data Integration

O User-MM + User-User: Social media users interact with each other,
(e.g., adding friends, joining in interest groups), and with multimedia
content, (e.g., sharing, annotation, commenting).

O Cross-network: Users data are distributed on various social media
networks, e.g., acquiring news via Twitter, sharing videos via YouTube,
and chatting with friends via Facebook.
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For Users: Unified Theoretical Framework

O Social multimedia computing is still in the primary stage.
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O It is a promising research line to refer to classical theoretical work from
information retrieval, multimedia analysis and social network analysis, to
develop the theoretical framework for social multimedia computing.



The Prospects




User connects cyber to the physical worlds.

o O




User-centric Cyber-Physical Association and
Collaboration

B Overlapping user-based cyber-physical collaboration.

Cyber activities
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Cyber-Social-Physical Spaces

Cyber space

Socio
space

Cyber-social-physical spaces



Cyber-Social-Physical Computing

B Social event detection and tracking in cyber-social-physical spaces.
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Computing is tending decentralized

Wearable /

Mainframe Mini Personal Desktop Internet  Mobile Internet  Everywhere
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Individual computational capability has
significantly increased

Calculations per Second per $1,000
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Social Multimedia + Pervasive Computing

. o t/ 1\,‘_' content understanding
Social Multimedia | ‘ i " S
Computing g = iy

user modeling

Internet of Things
application scenario

Pervasive
Computing

resource allocation




Take Home Message

User iIs the basic data collection unit.

User is the ultimate information service target.

User connects cyber to the physical worlds.

User will be the fundamental computing
terminal.
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