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What is Social Multimedia?①



Start from social media
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1996 1999 2005 2007 2009 2011
社交媒体时代
Mobile Internet

Social Media Era

Internet media roadmap
WEB 1.0 WEB 2.0

actively contribute, 
obtain and propagate 
rich multimedia data

 Micro-blogging, multimedia 
sharing websites, SNS；

 User-contributed becomes 
the main mechanism for 
data generation; 

 Development in capturing 
devices and network 
transmission, huge 
multimedia data are 
produced and consumed. 

Search Era

 Search engine, forums；
 Users mainly contribute 

to textual data; 
 Constrained by the 

network conditions and 
capturing devices, textual 
information dominates.

actively obtain textual 
and little visual data

passively receive 
textual data

 Portal websites；
 Information is edited by 

professional editors, and 
for passive users.

 Constrained by the 
network conditions and 
capturing devices, textual 
information dominates.

Portal Era

Multimedia is dominant in social media.
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 Information is edited by 

professional editors, and 
for passive users.

 Constrained by the 
network conditions and 
capturing devices, textual 
information dominates.

Portal Era

Twitter increases its support on 
multimedia content, and releases 

the 6-second video sharing app: Vine.
WeChat has attracted more 

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

replace SMS.

People are getting used to get access to 
information in the form of multimedia data.

Internet media roadmap

Multimedia is dominant in social media.



350 million photos are uploaded daily in 
November 2013 on  

100 hour videos are uploaded every 
minute, resulting in 2 billion videos totally 
by the end of 2013 on 

1.4 million minutes of chats are produced 
every minute on

image tweet

audio photo

geo-tagged video

The “Social” trend in 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

Social 
Media

Multimedia

Social 
Multimedia

rich sensor simulation

efficient information 
access and propagation

Social Multimedia
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Traditional Multimedia 
Computing

Web Multimedia 
Computing

 The focus is multimedia CONTENT 
understanding and application

 Typical tasks include media content 
analysis, semantic classification, 
structured media authoring, etc.  Heavily related to WEB1.0.

 Dominated by BROADCAST 
media developed by professional 
designers for PASSIVE users.

Social Multimedia 
Computing

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

Content-centric V.S. User-centric



Social Multimedia meets Big Data②



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

Personal data

EMC2 estimated that an 
individual contributes to average 

45 GB personal data (public 
service, credit record, video 

surveilliance, social media data, 
etc.) 

Internet data

BAT（Baidu、Alibaba、Tencent）
possess data in the scale of 

10EB（1018），and increase at 
a speed of PB per day. 

Enterprise & government 
data

According to IDC, in 5 years, the 
data storage will reach 18EB

（1018）, in fields of 
telecommunication, financial 

services, health care, public safety, 
transportation, education, etc.

Big Data & Social Multimedia

Social Media



45% 60% 70%else else else

Multimedia

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

Internet data Personal data

Big Data & Social Multimedia


Chart1

		0.4

		0.6



列1



Sheet1

				列1

				0.4

				0.6

				若要调整图表数据区域的大小，请拖拽区域的右下角。






Chart1

		0.3

		0.7



列1



Sheet1

				列1

				0.3

				0.7

				若要调整图表数据区域的大小，请拖拽区域的右下角。







 Facebook: #[pics] >
300 billion。

 YouTube:  #[videos] >
2 billion；

 Skype: up to 1.4 
million mins chat 
per min

 YouTube: uploading 72 
hour video per min.

 format： 1 hour video 
with few semantics；

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

 demands：personalized

 source：desktop/mobile, 
official/individual；

 format：traditional –
photo/video/audio, new 
media-pic tweet/audio 
pic/geo-tagged media。

low value 
density

sources、
formats

exponential 
growth

huge 
volume

Volume

Velocity

Variety

Veracity

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

Big Data & Social Multimedia



 Facebook: #[pics] >
300 billion。

 YouTube:  #[videos] >
2 billion；

 Skype: up to 1.4 
million mins chat 
per min

 YouTube: uploading 72 
hour video per min.

 format： 1 hour video 
with few semantics；

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

 demands：personalized

 source：desktop/mobile, 
official/individual；

 format：traditional –
photo/video/audio, new 
media-pic tweet/audio 
pic/geo-tagged media。

18

 Social Multimedia has significant big data characteristics:

low value 
density

sources、
formats

exponential 
growth

huge 
volume

Volume

Velocity

Variety

Veracity

capacity in data 
storage

efficiency in data 
capture & 
computing

data accuracy and 
quality

complexity in data 
analysis

complexity in data 
analysis

Variety

Big Data & Social Multimedia

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



Multiple 
Modalities

Multiple 
Sources

received extensive attentions in 
the“small”data era

Two Interpretations for “Variety”



Multiple 
Sources

the heterogeneous data created 
and consumed in various OSNs

Two Interpretations for “Variety”

(OSN: Online Social Network)



Multi-modal V.S. Multi-source

Multiple 
Modalities

Multiple 
Sources

Modality-oriented

Semantic-
associated

Beyond-modality: 
same-modal data in different 
OSNs will express very 
different characteristics.

Not necessarily semantic-
associated: 
the association patterns 
among different OSN data 
are more complex.

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



 Compare between multiple OSNs:
 Characteristics of different online social networks (OSN). 

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

 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] 

 User activity patterns in macro-level. 
- user tagging patterns [Guo et al. 2009];
- user participation motivations [Choudhury and Sundaram, 2011].

“Multisource”: Multi-OSN Comparison



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

 User: different domains involved by the same 
individual, e.g., unique user registers and 
participates into several OSNs.

Jasmine 
Revolution

 Exploring medium to connect isolated data :

Cross-OSN: Connecting Isolated Data

Consistent with the “User-centric” characteristic. 



 Isolated heterogeneous data among different OSNs share the 
unique user space:

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

User-centric Solution



 Horizontal cross-OSN cooperation: maximize monopoly profits

Cross-OSN is Happening Real World

2015
Feb. April Oct.

China

ride-hailing

life service

O2O

online travel



Cross-OSN is Happening Real World

 Vertical cross-OSN cooperation: enhance upper & downstream

China

U.S.



Cross-OSN is Happening Real World

 Vertical cross-OSN cooperation: enhance upper & downstream

China

U.S.



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

share

Cross-OSN Cooperation



cross-OSN user sharing

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

Year2010 2012 2014 2016 2018

cross-OSN data fusion
cross-OSN user modeling

Cross-OSN Cooperation



Cross-OSN in IT Giants 



Isolated Data in IT Giants



The Next “Google”?

Portal Search Recomnd.

Data

User

“All-web” Recommendation.



“User-centric” Cross-OSN Computing③



Fundamental Tasks

cross-OSN data fusion

cross-OSN user modeling

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

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



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

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

Challenges

Cross-OSN knowledge gap:
The heterogeneous data in different OSNs are distributed in 
different domains, granularities or formats, which are not readily 
to be directly fused. 

Cross-OSN intent gap:
The observed user activities in different OSNs may be 
inconsistent and even contradict with each other in representing 
their preferences. 

cross-OSN data fusion

cross-OSN user modeling

Microblogging 
real-time stream

Multimedia Sharing

multimedia content

Online Shopping 

consuming history

favorite



User-centric 
Cross-OSN 
Computing

From Users: 
Cross-OSN Association 

Mining

For Users: 
Cross-OSN User Modeling

Multimedia
Social Media

User-centric Cross-OSN Research Paradigm

Mining the correlation between cross-OSN data based on 
overlapped users’ perceptions. (MM 2014; TMM 2015)

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

TMM 2015)

cross-OSN data fusion

cross-OSN user modeling



 Identical user account among different social media services.

 Users are voluntary to disclose
their accounts in multiple OSNs.

Google 
account

Tencent
account

 User account linkage mining 
is a separated research topic.

Cross-OSN Overlapped User



CrossOSN-U Dataset

CrossOSN-U: CASIA Cross-OSN dataset based on overlapped Users
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Over 50% users share 
at least 4 accounts.

User-centric Cross-OSN Dataset 



User-centric Cross-OSN Dataset 



CrossOSN-U Dataset

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

CrossOSN-U: Hetero

CrossOSN-U: Homo

CrossOSN-U: SN

CrossOSN-U: Event

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


Cross-OSN Association Mining③-1



Cross-OSN Association Pattern & Application

Consuming patternTweeting history

Association 
Pattern

Application

Product recommendation in 
tweeting stream

Video browsing & 
channel subscription 

Disclosed interests

Targeted advertising for video & 
video channel



Player 1 Player 2

guess: BOAT guess: PORT

guess: WATER

guess: RIVER
guess: BOAT

Score! Agreement 
on ‘BOAT’.

Score! Agreement 
on ‘BOAT’.

ESP: Collaboratively Image Labeling game

BOAT

WATER

YELLOW

RIVER

PORT

Crowdsourcing-based Knowledge Discovery 



Player 1 Player 2

guess: BOAT guess: PORT

guess: WATER

guess: RIVER
guess: BOAT

Score! Agreement 
on ‘BOAT’.

Score! Agreement 
on ‘BOAT’.

Image Labeling task

BOAT

WATER

YELLOW

RIVER

PORT

BOAT
WATER
YELLOW

RIVER
PORT

PORT
BOAT
OLD
SHIP

BROOK
CHILE
BOAT

NATURE
RIVER

BOAT
LAKE

WATER
RIVER

WATER
PORT

SUMMER
BADGE

PAINT
SHIP
PORT

WATER
boat river wateryellow 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]

boat
river
port

Crowdsourcing-based Knowledge Discovery 



Crowdsourcing-based Knowledge Discovery 

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



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 labels and object regions as

by-product of collaboratively playing games.

purse

handbag

coach

bag

Crowdsourcing-based Knowledge Discovery 

Knowledge discovered: 
association between visual appearance and semantic concepts. 



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

Crowdsourcing Solution



OSN A
Knowledge
Discovery

Knowledge
Discovery

Users’ distribution over 
A’s knowledge space

Overlapped User-based 
Association Mining

Cross-OSN 
Application

OSN B

Framework

Users’ distribution over 
B’s knowledge space



ACM Multimedia 
2014
@acmmm14

Bill Gates
@BillGates

NBA
@NBA

Britney Spears
@britneyspearsUsername

@TwitterID …

Following

Twitter user friend network

Username
@TwitterID …

Tweets

Twitter user tweet stream

#VoteObama, presidential 
debate…

Nic@nicing-Aug 28

Nic@nicing-Aug 28

I like music @britney…

LDA

iCorr-LDA

LDA

Aggregation

Association 
Mining

Association 
Mining

Heterogeneous Topic Modeling Cross-OSN Topic Association

…

Framework



Cross-OSN Association Mining



Transfer matrix-based 
Association

Latent Attribute-based 
Association

1

2

Cross-OSN Association Mining

𝑇𝑇

Transfer Matrix

…

…
𝑼𝑼𝒐𝒐
𝑻𝑻

…

…

𝑼𝑼𝒐𝒐
𝒀𝒀

YouTube 
distribution

Twitter 
distribution

Age

gender
education

location
occupation

…

Latent user attributes

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



Visualization of discovered Twitter topicsgame-
related

Berlin popular 
users

game video

German TV show

semantic 
correlated

geographical 
correlated

Association between Twitter Following & YouTube

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



famous actor 

Australian 
official account

war & political

cute animal

Association between Twitter Following & YouTube

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



Cross-OSN User Modeling③-2



Recommender 
Engine

new user

heavy user

0 0 0 0 0 0
view count

0 0 1 0 0 0 3 2 1 0 0 2

light user

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

newly register with 
empty history 

limited behavior 
records frequent interaction

How Cross-OSN User Modeling Works



 People usually involve in various social media networks 
simultaneously

How Cross-OSN User Modeling Works



new user

light user

?
new technology 

lover

basketball
Cheer up! @KingJames!

Mike
@ michael

Mike
@ michael

Overtime. LeBron has 42 
points. ……

tweets

follow

James fan

Recommender 
Engine

initial recommendation 
for warm upmore fine-grained 
recommendation

Toy Examples



heavy user

game sport

follow

follow

politics

Recommender 
Enginediverse & novel 

recommendation

Toy Examples

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



Social Multimedia Activities

Tweets

check-in history

Photo collection

SNS posts

Favorite videos

Knowledge

Trending 
Topics

Association 
patterns

Interest 
Ontology

Occupation 
Distribution

User Models

Data-driven User Modeling



Real-time Video Recommendation

Application：
Real-time Personalized video search

/recommendation

Key problem：
Dynamic Interest Modeling

Long-term 
interest

Short-term 
interest

Stable and on general 
topics, e.g., sports, 

politics

Evolve with time, vulnerable 
to transient events, e.g., 

focuses on FIFA World Cup 
around July, 2014

Challenge：
Sparse user data in single 
OSN，difficult to capture 
the interest drifting 

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



Twitter is “Faster”

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

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

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

Motivation:
Can we leverage users’ observed activities on Twitter 
to predict their interest drifting?
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 Twitter responses faster than YouTube in macro level

Cross-OSN Temporal User Behavior Analysis

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



 Twitter responses faster than YouTube in micro level

Cross-OSN Temporal User Behavior Analysis

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



User tweets YouTube profile

Short-term user 
modeling

Long-term user 
modeling

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

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

Cross-OSN Recommendation Solution

- 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

heavy userlight user

Unified 
Recommendation

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



 Cross-OSN knowledge gap

favorite

 Cross-OSN intent gap

Cross-OSN Challenges

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



Intent gap

Knowledge gap

Auxiliary-network 
Data Transfer

Cross-OSN Data 
Integration

user

…

video preference matrix

1

2

cross-OSN user data

videos tweets

new user

light user

heavy user

Unified Solution

Crowdsourcing-based cross-
OSN association matrix

Twitter topic space

YouTube space

Adaptively balance the 
contribution from either source

- Ming Yan, Jitao Sang, and Changsheng Xu. Unified YouTube Video Recommendation via Cross-network Collaboration . 
ICMR 2015. Best Student Paper.
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Popularity KNN LFM rPMF auxTransfer crossIntegration

 Baselines
• Popularity: recommend according to 

the video view count
• KNN: Item-based KNN
• LFM: Latent Factor Model
• rPMF: Probabilistic MF method with 

video content Laplacian regularization

 Evaluation metrics
• Top-k precision, recall and F-score

 Proposed approach
• auxTransfer: only considers stage 1
• crossIntegration: combines both 

stage 1 and stage 2

single OSN-based cross OSN-based

Accuracy Performance Evaluation

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



0.0221

2.3191
0.0142

0.0206

2.5582

0.0139

0.0211
2.9155

0.0159

F-score diversity novelty

KNN/adequate rPMF/adequate crossIntegration/limited

intra-list similarity by video content

taking both the video popularity and user 
behavior sparsity into consideration

single network-based cross network-based

Recommender systems must provide not just 
accuracy, but also usefulness.

--JONATHAN L. HERLOCKER

Exploiting cross-OSN user data contributes to 
understanding users’ distributed interests towards 
serendipity recommendation.

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

Advantage beyond Accuracy

- 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 

 Undirected & directed association patterns;

 One-to-many & many-to-many association patterns;

 Dynamic cross-OSN association patterns.



Call for Action

 Exploiting cross-OSN user data for demographic modeling;

 When #OSN>2...;

 Cross-OSN sequential user modeling 
& contextual recommendation.

cross-OSN user modeling

cross-OSN footprint

Netherlands: Van 
Gogh's Life and Art



Prospect: From Micro to Macro④-1



 The paired statistical analysis is
more powerful with fewer samples
to prove a given difference between
the study groups. (< half of #sample
for the same statistical power)

Overlapped User-based Comparative Study

 Overlapped user is equivalent to the paired sample in statistical 
analysis: control the subject variable.

OSN A OSN B



Cross-OSN Information Propagation Analysis

 Exploring the micro cross-OSN sharing to understand 
the macro information flow among OSNs.

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



Prospect: Cross-OSN to Cross-space④-2



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

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

Cyber individual data

Physical individual data

Cross-space Individual Data Alignment & Analysis



User Connects Cyber to Physical

 User is key to bridge cyber with physical worlds.

Socio 
space

Physical space

Cyber space

Concept
/Event

Socio 
space

Cyber-social-physical spaces



Cross-space Social Event Modeling

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

Online activity

Physical behavior

Time

Physical space

Cyber space

Jan, 2011 May, 2011 Sep, 2011 Jan, 2012



• 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. 

Summary



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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