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(1) What is Social Multimedia?



Start from social media

SOCIAL MEDIA COUNTS e ez

In the last 0 seconds

there have been.. m
14,81 5 likes and comments on Facebook

6,173 Apple & Android app downloads
9 blog posts published
810 tweets sent on Twitter
9,259 videos watched on YouTube
23,148 Google+ buttons pressed

1,389 photos uploaded to Facebook
1,361,111 emails sent globally
2 Samsung smartphones sold
0 pages added to StumbleUpon
79 visits to Pinterest
$ 13 net made by Facebook
4 videos uploaded to YouTube
23 photos uploaded using Instagram
1 iPads sold
3 new Google+ subscribers
102 hours watched on Netflix
2,435 users logging into Facebook
9,259 searches made on Google
1 new members on Linkedin Esalive
46 mlnuiasof\rldeocallsonSkype ONS)




Social Media Services
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Multimedia is dominant in social media.

flickr You([D
msn¥ EiD

.01_ ® l . .
Bai 5= ' GOug = actively contribute,
YaHOO! . el Y amazon obtain and propagate
AOL :9; sTna.com.cn : _ rich multimedia data
W Cd\[\l]\]\l actively obtain textual € Micro-blogging, multimedia

and little visual data ) ) ,
passively receive sharing websites, SNS;

textual data ¢ Search engine, forums; & User-contributed becomes
& Portal websites: € Users mainly contribute the main mechanism for
: T ,d ib to textual data; data generation;
¢ In ormaftlon Ise. 'ted by Constrained by the € Development in capturing
professional editors, and o .
for passive USers network conditions and devices and network
P _ ' capturing devices, textual transmission, huge
¢ Constrained by the information dominates. multimedia data are

network conditions and “‘Mﬁ ¢ f"_J. produced and consumed.

capturing devices, textual
information dominates.

Portal Era Search Era

Mobile Internet

Internet media roadmap



Multimedia is dominant in social media.

flickr You[TD
: Thegrgvmgi&ffeixinfWeChat .\ !i l !

300m

Goes global
250w 58 W Chat
200m

150m

actively contribute,
obtain and propagate
rich multimedia data

100m

D‘?FM#MJJASOHDJFMAMJJASI}NF‘J
""" S S e Hid ) BN : € Micro-blogging, multimedia
2 » an.
. . . 2011 2012 R7eY Techinasiacom 2013 . . .
Twitter increases its support on = sharing websites, SNS;
multimedia content, and releases WeChat has attracted more & User-contributed becomes

than 300 million users in two
years, which is tending to
replace SMS.

the main mechanism for
data generation;

the 6-second video sharing app: Vine.

€ Development in capturing

P | tti dt t t devices and network
eople are getting use O get access 1o transmission, huge

information in the form of multimedia data. ! multimedia data are

produced and consumed.
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information dominates.
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Internet media roadmap



The “Social”’ trend in Multimedia

- 350 million photos are uploaded daily in
\—

- November 2013 on

1.4 million minutes of chats are produced
every minuteon - oo

( 100 hour videos are uploaded every
@ minute, resulting in 2 billion videos totally

by the end of 2013 on \\
Qe

N geg:;'aggged J\W/Mideo



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

efficient information
access and propagation

rich sensor simulation




Social Multimedia

Content



Social Multimedia Computing
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Social Multimedia Computing

Signal

processing ~ Computer

vision

Visual/auditory

hvsiolo Information
P sy retrieval
Social Multimedia
Computing
Data mining
Human-computer
Sociology interaction

Organizational
Psychology theory



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 WEB1.0.
N O Dominated by BROADCAST
Traditional Mul!‘?:% media developed by professional
. "*Ontm,-; ... designers for PASSIVE users.
Computi N tm,g@ r—
"~wdb Multimedia
“Ar\s Computing
€ua’€é{_/maﬂL(\d
LB,,,—M"‘" Social Multimedia
L Computing

O From User: User is the basic data collection source.
O For User: User is the ultimate information service consumer.



@ Social Multimedia meets Big Data




Big Data & Social Multimedia

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

Online Shoppi
B0 ""Noworks
— consuming history

- Microbloggi
B G Nowors izo

real-time stream

World Wide Web (ﬂ)m“'%dgm)
[CELYEN 100% CAGR

P el vas
ey e S 1RE0

Personal Digita

(raoo'l‘:B wggﬁ E Oo, % e ©
(57874ay) 07 R Co  SaNeworelEIE
O O social interaction pattemn
1PUC Loyt cnw«m@mﬁe SNk
(500TB/yr) R
Total digital data tc»rbe created this year 270,000PB (00
Enterprise & government Internet data Personal data
data
According fo DG, In 5 Yoars, 1 BAT (Baidu, Alibaba, Tencent) ~EWC2 estimated that an
ata S( %ﬁ\%e wi fr_eﬁjc f possess data in the scale of individual contributes to average
sinnelasor 10EB (10'8) , and increase at 45 GB personal data (public
tglecommunlcatlon, flna_ncnal a speed of PB per day,. service, credit record, video
services, health care, public safety, surveilliance, social media data,
transportation, education, etc. etc.)

Social Media



Big Data & Social Multimedia

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

60%

Intern@@data ‘ Personal data

#r Multimedia o))
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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,

YD

¢ YouTube: uploading 72
hour video per min.

¢ Skype:upto 1.4
million mins chat
per min

rhuge

volume

(

ey VOolume || Variety g
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density

*

*

P

*

*

source: desktop/mobile,
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

,

B
i |



Big Data & Social Multimedia

Social multimedia meets big data:
Not “Volume”, Not “Velocity”, But “Variety”.

capacity in data | huge
storage volum

sources, | complexity in data
formats analysis

e\ Velocity || Veracity /mmmms

efficiency in data data accuracy and
capture & exponentia low value quality

BT
computing (growth density |




Two Interpretations for “Variety”

o S A
e T 2
‘ "‘f~"* g ™ N
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Doles ot S

received extensive attentions in
the “small” data era



Two Interpretations for “Variety”

the heterogeneous data created
and consumed in various OSNs

(OSN: Online Social Network)
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Multi-modal V.S. Multi-source

Multiple
Modalities

|

Beyond-modality:

x same-modal data in different
OSNs will express very

Modality-oriented

different characteristics.

Not necessarily semantic-
associated:

the association patterns
among different OSN data
are more complex.

associated

Semantic- /

“Variety” in social multimedia big data:
Not “Multi-modal”, But “Multi-source”.



“Multisource”. Multi-OSN Comparison

B Compare between multiple OSNs:

O Characteristics of different online social networks (OSN).

- 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 OSNs.

- 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]



Cross-OSN: Connecting Isolated Data

B Exploring medium to connect isolated data :

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

Jasmine
Revolution

\ 4

(I:I User: different domains involved by the same

individual, e.g., unique user registers and ‘-:}_%\ggm

participates into several OSNs.

\.

Consistent with the “User-centric” characteristic.



User-centric Solution

M |solated heterogeneous data among different OSNs share the
unique user space:

) Online Shopping

consuming history

806 Nowoa® A sgo
-i '? P EJ il v @ s
real-time stream P i @ §O E =
O Oo O o O
dlg Sharlnq Networks OO o © o Social Nepforks ] K1 B
O % O social interaction pattern
Check-in Networks %. {;} %. .JEQ. ﬁ&

i

Global Web Index 2015 has reported that within the investigated 50 OSNs, each
individual holds user accounts on an average of 5.54 OSNSs, and actively participate
in 2.82 OSNSs. (overlapped users)



Cross-OSN is Happening Real World

» Horizontal cross-OSN cooperation: maximize monopoly profits

online travel 3,5 t!;
/L7 .

China

life service




Cross-OSN is Happening Real World

» Vertical cross-OSN cooperation: enhance upper & downstream
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Cross-OSN is Happening Real World

» Vertical cross-OSN cooperation: enhanci
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Cross-OSN Cooperation

» Current Cross-OSN “shallow” cooperation: user sharing

Tencent iR

llllllllll



Cross-OSN Cooperation

» Upcoming cross-OSN “deep” cooperation: data fusion & user

modeling
&cr ss-OSN data fusion
‘ " modeling
3 W
‘ ‘ share “‘@
cross-OS‘

2010 2012 2014 2016 2018 l

Year



Cross-OSN In IT Giants
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Isolated Data in IT Giants
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The Next “Google™?
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“User-centric” Cross-OSN Computing




Fundamental Tasks

cross-OSN data fusion

To understand the association among cross-OSN data and explore
the potentials of combining cross-OSN data in advanced social
media applications

cross-OSN user modeling

To combine the available user data on different OSNs and construct
an integrated online user profile for customized social media services



Challenges

ﬂdﬁf Online Shopping

consuming history
B E=0

i ; 120
P bs| Bvad
L T T R T Y - T L=

(£] &' Microblogging

cross-OSN data fusion

Cross-OSN knowledge gap:

domains granularities formats

cross-OSN user modeling Yo

Cross-OSN intent gap:

inconsistent contradict

Marry twitter’

@marry123
<A
b & I hate games !!!



User-centric Cross-OSN Research Paradigm

Mining the correlation between cross-OSN data based on
overlapped users’ perceptions. (MM 2014, TMM 2015)
cross-OSN data fusion
From Users:
fCross—OSN Associatio

Mining
- Y
_ - < =3 | User-centric > €)
Multimedia " CI’OSS-OSN e \.) J Social Media
’ Computing Qg2

\ For Users: }

Cross-OSN User Modeling
cross-OSN user modeling

Exploring cross-OSN characteristics and integrating distributed user data for
comprehensive user understanding. (ICME 2013; TOMM 2014, ICMR 2015,
TMM 2015)



Cross-OSN Overlapped User

B |dentical user account among different social media services.

Google+ .
;tGoogle 8 Tencent{ %

account account

(11| Tube Rl il -
B Users are voluntary to disclose B User account linkage mining
their accounts in multiple OSNs. is a separated research topic.
Google+ about. |
Jltao Sang | Instagram . uF||ckr

jitao sang

& + A EmalMe

Worked at CASIA
Lived in Eeijing

Links

Dther profiles

W twitter.com/cheney3023
m cnlinkedin.cem/pub/jitac-sang/22/637/393

——————————————————————— lark black




CrossOSN-U Dataset

CrossOSN-U: CASIA Cross-OSN dataset based on overlapped Users

- flickr G
(APL)

about.me =L =
-Q ﬂ.c\(‘*ﬁ_ o ) < g e
Go gl€+ Y“‘M (M Tube ] AP!]

\ GOJS[€+

Overlapped user’s cross- Corresponding APlIs to CrossOSN-U dataset
OSN userlD collect user data




User-centric Cross-OSN Dataset

200000
152800
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. “ 112691
180,000 registered g
) £ 100000 |
users in About.me. * 64269
52594 42630
50000 33376 20834 26854 25914 25459 19014 14967

1 T T T
o =]
Over 50% users share ° sl S I T S S |
at least 4 accounts. g S — T RN S TENNRR
R .................. .................... .................... .................... ................... |
0_2_ ...................................... .................... .................... .................... .................. —
00 é éll EIS EIB 1IO 12

#account




User-centric Cross-OSN Dataset

TABLE I
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
Google+ B article post: 0.3; photo/album article reshare: 1_.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 - (post) é?gt0435 vﬁgg:f’g}gg au- link: 1.8; quote: 1.1; reblog: 2.8
Flickr contact: 0.8; groups: 0.6 upload photo: 7.3 favorite photo: 0.5
YouTube — upload video: 0.4; comment: 0.7 favorite: 0.3; play list: 17.1
| sum 82.7 | 97.4 | 176.5

GOL) le+ . fIiCkr
. You )



CrossOSN-U Dataset

Friends A é

;:;l: Multimedia  F§ you Uploaded!FaVOl’itel
B s B Add-to-playlist
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- @4._--__ mmgp [ va B -

N > Fwm e bl
eets b

B YO“ii!I:»g ~ upload favorite |
S ~ = rate
3 gl ]ﬂﬂﬂ% Y Yo“ - ? » playlist comment |
1
CrossOSN-U: Hetero 8[

A 4
=5 share +1
Coogle & comment

J

CrossOSN-U: Homo

S R
flickr \{&*; bl

N
CrossOSN-U: SN N
Event List ! - - ___‘_E ______ > HI
B 11: US presidential election 2012
& «}-- » 2
T13: Iphone5 release «*
119, ]
L R 3 .
0 o BT You((TE

CrossOSN-U: Event

http://nlpr-web.ia.ac.cn/mmc/homepage/jtsang/dataset.html



http://nlpr-web.ia.ac.cn/mmc/homepage/jtsang/dataset.html

®-1 Cross-OSN Association Mining




Cross-OSN Association Pattern & Application

Association
Pattern

Application

¢>@-“9 — bl &)

TeAn

Tweeting history Consuming pattern

BEM

Taobao com

Product recommendation in
tweeting stream

Video browsing &
channel subscription

Disclosed interests

Targeted advertising for video &
video channel



Crowdsourcing-based Knowledge Discovery

‘@0 n The ESP Game =¥

2:05  The ESP Game 0090

Time Left

Taboo Words Your Guesses

BOAT

WATER

YELLOW

guess: BOAT guess: PORT

PORT

guess: WATER

— guess: RVER

e e e guess: BOAT

ESP: Collaboratively Image Labeling game Score! Agreement Score! Agreement
on ‘BOAT". on ‘BOAT’.




Crowdsourcing-based Knowledge Discovery

BOAT PORT
WATER BOAT
YELLOW oLD WATER
RIVER SHIP PORT

PORT SUMMER
BADGE

2
§ o
2

boat river wateryellow port

BROOK BOAT
CHILE
=R -
SR RIVER “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]
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PEEK : GUESS WHAT YOUR PARTMER IS REVEALING

-UECE D

HINTS HELP PASS FOR GIVE HINTS TELL ¥YOUR PARTNER IF
YOLU GUESS DIFFICLULT 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



Crowdsourcing-based Knowledge Discovery

purse

handbag

— Dog
puppy Cyed Leash
German
| Shepard
Standing

bag

coach

Canine

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

Knowledge discovered:
association between visual appearance and semantic concepts.



Crowdsourcing Solution

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 A; and pattern B; are closely associated.

ttern B
> 47

“» pattern A; A <:> A pattern Bj

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




Framework

Users’ distribution over
A’'s knowledge space

—— =, IKnowledge L,
i | Discovery F

Overlapped User-based » %LOSISCQEL\]I

Association Mining
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- |Knowledge
“ | Discovery| ‘4 S

Users’ distribution over
B’s knowledge space



Framework

Twitter user friend network
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u 71
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YouTube videos V p(z¥ |v)

.
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- :m —> iCorr-LDA >  Aggregation
s _ eee
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Twitter user tweet stream T
p(z" |w) .
[ . i
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u . cingohug 28 > > Mining
Username 1 | like music @britney...
@TwitterlD [0 g tutweet

Heterogeneous Topic Modeling Cross-OSN Topic Association



Cross-OSN Association Mining

overlapped users

p(wlz™") p(wlz™)
music

song

p(w|z"
,,':ﬂ e rap records
: album

. sin:ger p(Z g 'U,)

p(z|u) R

‘,‘ﬁHL_» [

Twitter topic space YouTube topic space



Cross-OSN Association Mining

Transfer matrix-based
Association
p(zi|u) p(z|u)
Latent Attribute-based » - Sul —
. . G W .
Association

YouTube < - \
distribution .
Y
@ AH:K ' ” education
llg - “ocation
Twitter
\_ J

distribution
Latent user attributes

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

full paper.



Association between Twitter Following & YouTube

TABLE IV
game videQ  VISUALIZATION OF DISCOVERED YOUTUBE TOPICS.

( Word | gameplay xbox playstation gaming minecraft |
“Epic Mods - MW2 MOD IN CoD4”

-‘

game- Visualization of discovered Twitter topsemantic
relategt v sar .. correlated

pic Location | #follower — COOP ep7 W Double”
Markus | Stockholm, X Hey. you! Play morg _ﬂ
Persson Sweden 1,436,534 games! Now! TOpiC ) - -["'-,_- . u -1
Steam. The Ultimatg #1 Video Y “ H
#43 Steam 932.044 Online Game Plat
form. “Halo 4 Adrift Multiplayer Map”
Hu]nbl.e S_au Fran- 192764 News from the Hum = 3 ,E
s ' .dl
Sascha Berlin, 161.099 Author. Internet. N
Lobo | Germany Word history german berlin germany poetry

netzpo- Berlin Entrepreneur. activist, » pro
p . 120.014 organizer of GEH STERBEN, DU OPFER!!!

#38 -litik Germany @republica. m F‘- I Px:&- m w
T ] ; | = &I - 4
Mario Berlin. Journalist. Photogra @ i L.

. . 60.542 her. Hier mehr oder
L Sixtus Germany Svenioﬂ. “Syrien - Wahrheit ber das Massaker”

seographical 7 e I L ek NI

users corre I a ted “Volker Pispers - Einzeltater”

\

German TV show

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



Association between Twitter Following & YouTube

Table 3: Visualization of discovered YouTube topics.

4 Word war gun syria iraq nuclear )
“Why US has no moral authority on Syrian
- . ‘?”
famous actor war & po||t|ca| chemical weapons?
Table 4: Visualization of discovered Twitter followee topics. -- —
| Topic Username Location Self-description
[ C L . .
O’%I:*?:n Ang;sles The voice of the people. Sorry, people. TOplC
-
#57 Louis C.K. Yoi\llevcvit I am a comedian and a person and a guy who Video
Yl is sitting here. #4 )
Neil Patrick [ (- o I act s Die variet ts. Pi . . _
Harris ywo act some. Lug variely acts, Lixar, puppets, “Assad Runnmg Out of Time in Syria.”
theme parks and great meals.
ﬁ;i:’ﬁl - From Jerk to proud Oscar winner! Oh, and a N
\ ' new CD with Edie Brickell is out now. |
( Kevin Rudd | Australia | Former Prime Minister of Australia. Proud Word d d
458 father of 3 great kids. or cat dog cute parody pet
H ETal )
J.uha' Ca.nberr‘aq Official Twitter account of the 27th Prime CATS SCREAM YAWNS
Gillard Australia . R E — -
Minister of Australia.
ABC News Australia | Latest news updates from the Australian : s
Broadcasting Corp.
%ﬁ}ﬁﬁgﬁ fﬂ:};zﬁ; Federal Member for Wentworth, Minister for Tobi “CU“OUS Rhodesian Ridgeback Dog Grumpy n
\_ Communications. Australian Parliament. op1c Barklng At Noises”
Video 5 J ;
Australian J :
official account #35 |
“Cat Bath Freak Out - says 'NO!" to bath”
cutejanimal

Ao Suil
i

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



®-2 Cross-OSN User Modeling




How Cross-OSN User Modeling Works

new user

newly register with
empty history

0

view count

4
!

Cold-start & Sparsity: inadequate
user data in single-OSN.

light user
limited behavior ,/ S S heavy e
records ’ ~ frequent interaction

,
e

r
gg;uéu?p 7




How Cross-OSN User Modeling Works

s social media networks

» People usually involve in varig
simultaneously g O

consuming hi )
- Microblogging nng@ @,
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Toy Examples

(' Tuhe,

new uscr

Marry tweets\

@marry123
' Anybody knows how iphone 6 plus

functions? RT if you are a iOS fan.

Marry
@marry123

I love new technology.

J

hew technology

lover ﬁ
ames farEﬁ

jnitial recommendation

- more fine-grained

recommendation

e D
Lebran Jafils

. Mike tweets\

P @ michael

Cheer up! @KingJames!
N¢ Mike

8= @ michael

Overtime. LeBron has 42
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Toy Examples

(' Tuhe,

diverse & novel
recommendation '

Cross-OSN User Modeling:
exploit the user data on multiple OSNs for better user
understanding and improved customized services.



Data-driven User Modeling

Social Multimedia Activities

TR [ [S——

. . travel
aviation:- ««

D

waning Photo collection

Favorite videos ’l’tL@l] P
: ‘-\ ~))

check-in history

Knowledge
Trending
Topics Interest
o Ontology
Association Occupation
patterns Distribution

\ 4
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Real-time Video Recommendation

Application:
Real-time Personalized video search
/recommendation Challenge:
Sparse user data in single
) 4 OSN, difficult to capture

the interest drifting

2 oren s ossing

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

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




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

More tweets ——»=

%

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

*Indiana University

'Northeastern University
*The Winzsor School

*Technical University of Denmark

Motivation:
Can we leverage users’ observed activities on Twitter

to predict their interest drifting?

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




Cross-OSN Temporal User Behavior Analysis

B Twitter responses faster than YouTube in macro level

= Twitter ===YouTube

300
250 \
200 Super bowl XLVII
% 150 Division AI"IFC and NEC
Wild-Card Round  Cnampionship

100 Round \ /
50 \ l N
0
1 6 11 16 21 26 31 36 41 46 51 56
Elapsed days from Jan.15t, 2012

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




Cross-OSN Temporal User Behavior Analysis

B Twitter responses faster than YouTube in micro level

T1 T2 T3 T4 ThH T6 T7 T8 T9 T10

#Twitter earlier votes | 352 | 414 58 80 50 181 | 135 | 141 | 140 40

# YouTube earlier votes | 169 188 24 35 28 169 34 80 52 22
The ratio 2.08 | 2.20 | 2.42 | 2.29 | 1.79 | 1.07 | 1.61 | 1.76 | 2.69 | 1.82

T11 | T12 | T13 | T14 | 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 | 2.57 3.2 1.53 1.5 | 2.06 | 1.09 | 1.41 | 0.98

Table 3. The number of user votes for “Twitter 1s earlier” and

and their ratio on the topics in our trending topic list

- Zhengyu Deng, Jitao Sang, and Changsheng Xu. Twitter is Faster: Personalized Time-aware Video Recommendation

from Twitter to YouTube. TOMM, 2014.

“YouTube 1s earlier”




Cross-OSN Recommendation Solution

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

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

modeling
A
4 \

User tweets YouTube profile

-------------------

.

Toai Ui views:

Short-term user » Long-term user
modeling modeling

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




Unified Recommendation

new user

light user

Q heavy user

4

3

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration .
ICMR 2015. Best Student Paper.




Cross-OSN Challenges

» Cross-OSN knowledge gap

Yo twitterd
. E (garry s tweets
BT marry

SHErRgE " mm I--- ¢ Anybody knows how iphone 6 plus
3

functions? RT if you are a IOS fan.

view count

» Cross-OSN intent gap

. ou- twitterd

Marry

\ ﬂ @marry123
O I hate games !!!
¥\ o©

sﬁnm:um—“o

‘12 w

a
N\

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration
ICMR 2015. Best Student Paper.




Unified Solution

cross-OSN user data

Knowledge gap

a Youl [T
Y. 0 Auxiliary-network Adaptively balance the
Data Transfer contribution from either source
@ \ Intent gap
Cross-OSN Data | | .capseser=mroreey
‘ Integration
<L

video preference matrix

Crowdsourcing-based cross-

new user a
OSN association matrix light user 3 1 1 2|0
eavy usera 2 1 Q 3
/1
ICMR 2015. Best Student Paper.

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration .




Accuracy Performance Evaluation

> Baselines
Popularity: recommend according to
the video view count

« KNN: Item-based KNN 0.035 -

e LFM: Latent Factor Model

«  rPMF: Probabilistic MF method with 003 T
video content Laplacian regularization o (025
3
2 002 |
o
» Proposed approach. < 0015
* auxTransfer: only con31.ders stage 1 )
*  crossintegration: combines both 0.01 T
stage 1 and stage 2 0.005 |

» Evaluation metrics
*  Top-k precision, recall and F-score

new user light user heavy user

=Popularity ®mKNN =LFM ®=rPMF mauxTransfer = crossintegration

-----------------------------------------------------------------------------------

single OSN-based cross OSN-based

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration .

ICMR 2015. Best Student Paper.



Advantage beyond Accuracy

» Limited cross-OSN data V.S. adequate single-OSN data

Recommender systems must provide not just

accuracy, but also usefulness.
--JONATHAN L. HERLOCKER

—1

> sim(v;, v;)
W viF Yy

. ; v, EVIeC v, €V
0'015QT diversity(u) = d .
0.0142( 0139 NE®T

intra-list similarity by video content

F-score diversity novelty
=KNN/adequate ~ ®rPMF/adequate  ® crossintegration/limited § log(%) - novelty(u)
Y noanelta — ugUte
» . > log([eese] ) - max(novelty(u))
Exploiting cross-OSN user data contributes to uglfiest

iking both the video popularity and user

understanding users’ distributed interests towards ""%>° gec 1ty an
o . ehavior sparsity into consideration
serendipity recommendation.

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration .
ICMR 2015. Best Student Paper.




Call for Action

Cross-OSN Association Mining

B Undirected & directed association patterns;
B One-to-many & many-to-many association patterns;

B Dynamic cross-OSN association patterns.

o ——a

v

ciation emmmdl Association

>
timeline

|
\ 4 W1




Call for Action

cross-OSN user modeling

Exploiting cross-OSN user data for demographic modeling; ‘

When #OSN>2...;

Cross-OSN sequential user modeling
& contextual recommendation.

flickr -
G0u316+ -

Google+

cross-OSN footprint

»
.|
ox.

tags: qirl with
pearl earring
geo: The Hague

flickr

JSuggested restaurant at
1Van Gogh Museum

i 4 Paseo

n L 2499 reviews

$ + Caribbean, Sandwiches, Cuban




@-1 Prospect: From Micro to Macro




Overlapped User-based Comparative Study

B Overlapped user is equivalent to the paired sample in statistical
analysis: control the subject variable. ~ ——_

/ P R
| samsmssssandeassass fazmaatana )
= ] 4
& ) M':_"_' e pe
OSN A
1 -
09 / /
o | 145.0.9) 317,09 The paired statistical analysis is
S o6 f more powerful with fewer samples
< 05 to prove a given difference between
X 04 :
s | —Paired groups the study groups. (< half of #sample
‘_‘ ’ [} [l
02 | —Independentgroups  for the same statistical power)
0.1
) e ccoccccccccccccccacaccas
N (sample size)



Cross-OSN Information Propagation Analysis

B Cross-OSN sharing: overlapped user multicasts his/her activity
over different OSNs.

Time | Network | Content —

26/05/2013 Twitter my poolside jam... http://t.co/f2480xhw Su
18:36:46
27/05/2013 Instagram I miss baby snuggles when the kids are
03:00:42 away... 1) I'm so blessed. #momlife

27/05/2013 Flickr I miss baby snuggles when the kids are
03:00:44 away... 1) I'm so blessed. #momlife

27/05/2013 Twitter I miss baby snuggles when the kids are
03:00:44 away... 1) I'm so blessed. #momlife @ home

tweet home http://t.co/WioRNR6BjA
27/05/2013 Twitter you just never know who or what’s going to
21:02:02 show up at a wedding ... ;)

B Exploring the micro cross-OSN sharing to understand ‘
the macro information flow among OSNs. ¢

significance —_— l

You

— | 9
flickr

source sink

A 4



@-2 Prospect: Cross-OSN to Cross-space




Cross-space Individual Data Alignment & Analysis

B Align between the cyber-physical data for the same individual to
construct the cross-space personal footprint. (cyber & physical sensors)

M Potential applications in smart health, contextual recommendation,
personal surveillance, etc.

social media sensor

Cyber individual data f|lclkr Go\ilgle+
fr — A1
o . ® (M Tube [l Jestoguou
a1 o> $
8 . social media sensor
< USET".. 7 I_I_-_-y‘._. i |
< v L = 1
£ e | >
. \_j
Lll‘lk&dm v ﬁ n physiological
logical cellular sensor

Physical individual data

sensor sensor



User Connects Cyber to Physical

B Useris key to bridge cyber with physical worlds.

Cyber space

‘::Jquﬂaﬁﬂb[:]

Socio
space oncept
/Event

Physmal space

7
" /
2 i
? ‘“% .1 %
TR Al

Cyber-social-physical spaces




Cross-space Social Event Modeling

B Social event detection and tracking in cyber-social-physical spaces

Cyber space

~

' Online activity

———— e
T s

N

Jan,/QI012 Time

/
s
/
/
/
/
/
IEI I

Physical space




- Background:
BigData “4V"® Variety® Multi-source® Cross-OSN.

« Connecting Isolated Data:
Cross-OSN data fusion & user modeling.

* Prospects:
Micro to macro; Cross-OSN to cross-space.




Thank you.

Contact

* csxu@nlpr.ia.ac.cn
* http://www.nlpr.ia.ac.cn/mmc

*  Multimedia Computing Group,
National Lab of Pattern Recognition,
CASIA



http://www.nlpr.ia.ac.cn/mmc/homepage/jtsang.html
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