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The New Information Age

= The Internet has revolutionized the way information is created,

disseminated and consumed
* Emergence of huge amount of end-user

generated data, especially in social networks

e Greater connectivity leads to huge
amount of live info

* Internet has also rapidly gone mobile,

permitting access from anywhere
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Users at Center of
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Review of Social Media Platforms -1

* Social Network platforms
— Three major platforms: Private, Professional, Public

* Media Sharing platforms
— YouTube, Instagram, Flickr, .., Periscope, Vine
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* Social Messaging Platforms
— WhatsApp, LINE, Wechat, SnapChat, ...
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Visual-based Platform: SnapChat m

Snapchat: founded in 2011; Sharing 10-sec video moments
that erases itself after certain period;

70% of users <24 yrs old (~100M active users);

user base will be bigger than Twitter soon

Creating a Consume
. ] Share live story for content by
* Temporal Real Time Messages: . A friends brands — news

people decide how long others
view their photos/videos

e Share live stories with friends

e “Discover” news from top
sources, eg CNN.

¢ Vine: 6-sec loop-videos




Periscope

e Similar to SnapChat in supporting live broadcast from mobile
phones

e Users can broadcast and watch any other live broadcasts

° Why |t iS hot‘p‘p Explore the World in Broadcast Video

Real Time LIVE from Anywhere

— Support mobile-based broadcast
— Track events live
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Review of Social Media Platforms -2

* Location-based Services

Jpgm

= 4Square Yelp, GowaIIa
B - &»i= -

whrrl...

e Social Curation Platforms: Pinterest ...

* Recent popular apps are
all image/ video based..




Is Social Media a New Phenomenon?

e Social Interactions are inherent in human
nature, only the mode changes

* In fact Selfie is now common place,..

e But Selfie happened in ancient times too.
Like this painting in Hermitge Museum ©
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Functions of Social Media Platforms

* From users’ perspective
— Communications: sharing, interacting, keeping up-to-date.. with friends
— Expression: air/project views
— Self-preservation: Wellness, exercise, self-improvements
— Local communities

e From platform providers’ perspective
— Attract and retain users; enrich contents; monetization
— Offer innovative/fun services; improve user engagement
— Understand users; co-viewing and co-creation of contents with users

e Lead to 3 key sources of live info streams:
o Spontaneous User-Generated Contents (UGC)

o Device-Generated Contents (DGC)
o Structured Database Contents (SDC) ﬂl




Characteristics of Social Media
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NEXT Research Center

(http://next.comp.nus.edu.sg)

* NExT: NUS-Tsinghua Center on Extreme Search

o Initiated in May 2010 with a 5-Year Grant of S$10 e
million from MDA/NRF of Singapore rocer 3= <~
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o Among the first to examine big data analytics it
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Overview of Research

From Unstructured Info into Structured Knowledge

Gather Data from Multiple
UGC Sources

Type 1:
Text

Contents:

Tweet,
cQA, User

Comments

Type 2:
Images/
Videos

Type 3:
Location
Services/

Apps

Type 4:
Structured
Data
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The Architecture of a

Social Observatory System

Social Observatory Social (
Applications Mon itoringr L
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Live Processing
- Storm + MemoryDB

Analysis Tools

- Sentiment Analysis

- Entity Extraction

- Hot Post Detection

- Near Duplicate Detection

Data Analysis
& Processing

Batch Processing
- Hadoop + MapReduce

Analysis Tools

- Image Annotation

- User Behavior Analysis

- Event Detection & Tracking
- Social Influence Mining

- Opinion Mining==++--

Data Storage Hadoop ’ HBase ‘
Data Filtering
Sl o e SR e
Intelligent //.r\\\ ' N / N \ / \\‘\
3 k Micoblog ) News ) Blogs ) ( Forums |
Live Crawlers \ 4 X AN SOK /
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* Back-End Tech Highlights

Fully automated

Cloud-based
* 80 VMs
Big data
* >100TB, 2.6 billion records

Live + Batch Processing

e Storm + Hadoop + Hbase

Distributed
* Crawlers, Database, File Storage,
Processing

Cross indexing
* Elasticsearch index for text
* Own hash-based image index
e Graph index




Platform as a Service: Indian Elections
Sub-Events Around an Entity (Modi)

Narendra Modi Week:201411 ~

A Home
Home (@ suB TOPICS

Timeline

Sub Topics - = = » H K ' £y i
B J p’Se at'lee'-ncket’SI r Bj p', Follow,Tweet, | - - 4 Ur,Take,Sir,
Entity Graph Twitter,Rss B4 7 Modus,Frm
sir please also give ticket to BJP candidate from sitamarhi (Bihar) the ] :
birth place of maa janaki 'don't give this seat 2 ally there is not even a single symbol A el thanx sir fr ur great
of BJP(lotus) in your twitter cover word for the soilders plz
, being from RSS we should not take the action
follow "Vyakti pooja” Lk %, against noxals

Trending Words
Sentiment
Influence Users
Hot Zone

System Management ¥

Bjp.Varanasi,Contest,Poll,S |J Kejiwal.Arvind,” i Media,Aap,C |§ Win,Election,
eat Gujarat,Question W ongress,Say, Wish,Sir,Guja
,Development Kejriwal rat

. . . BJP's Narendra Modi to contest from A Glicrati Repiics Who Dok 1o
S I rl I n d I a I P m IWI S h I H O p e MM Joshi's Varanasi seat in Uttar... to fbe]60ues’ﬁons Narendra you sir and wish
asked by Arvind Modi2 Media - you all the best
sir,| hope u r the next PM of India sir. i No Congress - for upcoming
Bjp.Seat,Varanasi,Contest, Narendra Modi ... No AAP - YES lok sabha
Cal‘ldldate elections. You_..

BJP's prime ministerial candidate India,Pm,Candidate,Party,Electio [} Speech,Know,
Narendra Modi to contest from... n Support,Bjp,T

hackeray

Vote,Congress,Bjp,Party, Time

Rally,Address,Shri,Delhi,O Rey Thocksray

MY vote for mr narendra modi bjp, aap has become paap, and disha Rahul,Gandhi,Gujarat,Turf,Educati b
congress is self made secular,rest partys another face of CONGRESS on DUt i e S0
Today WATCH LIVE: Shri Narendra... hurt BJP




Platform as a Service: Indian Elections

Details of a Sub-Event (Modi)

Narendra M

4 Home
1| Home (D) TOPICS DETAIL
-
8= | Timeline
ovt.gujarat state, need. india
| Sub Topics @ el m

Ee

Entity Graph

Trending Words *= Topic Detail Ed Images

sen
sen
H

@ Sentiment
) NSUI UP West: @ narendramodi alloted 8 lakh sg. m land to L&T @ Re1 per sq. m whose actual price is Rs950 per sq. m. O

" State loss 800000xRs949 Why?

& Influence Users

@

Hot Zone Shrishail s k: @ narendramodi farmer dipend n agricultu it dipend n tree trees r in forest if forest Il burn, farmer Il 0
burn.Then india?
,_,ﬁ System Management

& Narendra Modi For PM: RT @ narendramodi: SSC & HSC exams begin tomorrow in Guj. Best wishes to my young friends O
P Am sure your efforts will bring great results

Waseem: 376561 sq mir land to raheja@Rs457 per sq mir while air force asked to pay 1100 /sq mir # O
GujratDictatorshipModel

AMITKUMAR BHIMANI: @ narendramodi Dear sir , kindly look into the matter regarding provide exemption form B.ed for Q
MscIT&CA students

AMITKUMAR.BHIMANI: @ narendramodi Dear sir , kindly look into the matter regarding provide exemption form B.ed for Q
MscIT&CA students

AMITKUMAR.BHIMANI: @ narendramodi Dear sir , kindly look into the matter regarding provide exemption form B.ed for O
MscIT&CA students

0 . a N

MBS: @ narendramodi alloted & lakh 5. m land to L&T @ %1 per sg. m whose actual price s 2950 persq. m. State loss (D) HE—
800000xT949. Why? L J]J‘Jl 'i
N? Cyber Activist: @ narendramodi alloted 8 lakh sq. m land to L&T @ %1 per sq. m whose actual price is T950 per sq. m 0 ] i
|

State loss 800000x3949. Why?




Platform as a Service: Indian Elections

Relations between Entities (Modi)

Narendra Modi Week:201411
A Home
1| Home (@ ENTITY GRAPH
Timeline
&* | Entity Graph  Entity Type | All ~ &+ | Hot Entities

Sub Topics
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Platform as a Service: Indian Elections

From Data to Event to Reports

% Will use AK for Arvind Kejriwal, NM for Narendra Modi and RG for Rahul Gandhi.
Data Gathered from Twitter / How many mentions for the candidates? QL B e e e analysis

IN DIA ELECTIONS 2014 on the candidates?
WEEKLY TRENDS

(Feb 24 - Mar 02)

ARVIND KEJRIWAL

NARENDRA MODI

who will be
the next PM of India?

0 10000 20000 30000 40000 50000

( . ARVIND KEJRIWAL
@ AAP (Aam Aadmi Party) 10000~ : |

0
Feb24 Feb25 Feb26 Feb27 Feb28 Mar01 Mar02

—=— Arvind Kejriwal
NARENDRA MODI — Narerdra o
y ? BJP (Bharatiya Janata Party) = Rahul Gandhi
4000

Positive Support
2000 H
an i e s e 50000
<& 'NC (Indian National Congress) 0 Feb24 Feb2s Feb26 Feb27 Feb28 Mar0l Mar02
- Arvind Kejriwal . Narendra Modi Rahul Gandhi ool
Will use AK for Arvind Kejriwal, NM for Narendra Modi and RG for Rahul Gandhi. Mentions Number L

Q' How many mentions for the candidates?

20000

- Negative
- Neutral
- Positive

What are the results of sentiment analysis

on the candidates?

10000

ARVIND KEJRIWAL

e Arvind Kejriwal Narendra Modi  Rahul Gandhi

NARENDRA MODI

] Sentiment Analysis

10000 20000 30600 40000 50000 /




Insights Gained from Social Media

Analytics

Events, topics, Users
and
their relationships




Insights Gained from Indian Election Data:

Example 1

February 14, 2014, the number of mentions of Arvid Kejriwal (AK)
reaches the peak (26,152 mentions)

Saturday, Feb 15, 2014
20k Daily Total: 26,152

Daily Records

— 10k ' '
30. Dec 13. Jan 27. Jan 10. Feb 24. Feb 10. Mar 24 Mar 7. Apr 21. Apr 5. May 19. May 2. Jun

e Cause:

— AK resigns from Chief Minister’s position after suffering defeat in the
Assembly on the Jan Lokpal (anti-corruption bill)

* Sentiments:
— The ratio of positive sentiments to negative sentiments stays the same

— Positive sentiments: encouraging AK

— Negative sentiments: expressing disappointment towards AK ﬂ'




Insights Gained from Indian Election Data:

Example 2

April 12, 2014, the number of mentions for Rahul Gandhi (RG)
reaches the peak before the release of election result

Saturday, Apr 12, 2014

WW

30 Dec .Jan .Jan 10. FLI 24. Fb 10, Mar 24, Mar . Apr 21. 'kp 5. M ay 19. I'\-1 1y

Daily Records

L -s- Daily Total |

 Cause:
— RG second televised interview

 Sentiments:
— Positive sentiments: sarcasm towards RG
— Negative sentiments: Criticism towards RG

* Hot tweets (most retweeted tweets):
— sarcasm and attack towards RG




Example 2: Indian Election on Twitter

The Negative Sentiments

Rahul Gandhi Fz) 2014 Apr 07 - Apri3 ~ § - studentt
T
) ) S : =
= # Home | Rajiv Panchal 23:50 12 Apr 2014 ]
@ aajtak @ RahulGandhi Cong Dikhati Hai sirf Sapne.Karni or
I;l Campaign Profile ® SENTIMENT Kathni OMG!! RTE, Benefits only for selected.Corruption SHINE wd
# RagaSaga
.’;ﬁ Popularity

23:59 12 Apr 2014 [y
gﬁ Sentiment Indicator Anna § 23:58 ! l _ Y

! Sentiment # YourVote2014 Rahul Gandhi seems as clueless and confused as

ever.
-
o= | Timeline 15k = 2EQ 19 Anr 90114 »
B Negative W Positive W M B Taruna Ummatt 23:59 12 Apr 2014 el
o Rahul Gandhi u are geoing to go on a long vacation after elections,
Hot Topics - what nonsense are you talking about manufacturing corridor, Sagar,

Entity Graph

[, | sabitaKath 23:5 _~ Negative
Hot Analysis > 10k ‘The poor vote for Congress' says Rahul Gandhi. Any wonder then

why they want to keep this country the way it is? # RagaSaga

Apr 2014

> & 14

5k
2.5k

28 | User Analysis - o
7.5k Ankit Gupta 23:59 12 Apr 2014 ]
E The interviewer was so soft with Rahul Gandhi and still he fails to
answer with conviction. And he is VP of Congress. Shame!!

Ok /

Positive

™
= ..-
o

=
o
o
=]

r 10. Apr 11, Apr 12. Apr 13, Apr




Example 2: Indian Election on Twitter

The Positive Sentiments

Rahul Gandhi 5*‘. 2014 Apr 07 - Apr 13~ § - studentt
-~
A Home
;‘ Campaign Profile @ SENTIMENT
.’;ﬁ Popularity
&* | Sentiment Indicator
Sentiment B Rizwan 12 23:59 sl glgay Apr 2014 (|
i thing i must say that Rahul Gandhi was in interview looking smart
Timeline 15k rather their his Ans nothing as usual talk like in his speeches

@8 Negative @ Positive lll N

@ Hot Topics 8  Arnab Goswami 23:59 12 Apr 2014 &
12.5k Okay the Comedy Night with Rahul Gandhi ends with this kind of

. | Entity Graph creepy smile when asked about his marriage. # RagaSaga
N Negative
Abhinav kumar 23:59 12 Apr 2014 &

A Hot Analysis v 10k : e ; :
@ ElectionExpress @ RahulGandhi this was nt good! he is copying

the lines of Modi , Anna and AK49

s8L | User Analysis v
7.5k T IEA 149 Arnr ON4 A ¥
B prayag sonar 23:59 12 Apr 2014 &
Rahul Gandhi said China is at number 1 & India is at number 2.
Someone please ask him India is at number 2 in development or
5k population?
" siva kumar 23:59 12 Apr 2014 (Y|
2.5k . o P Whether u like it or not ! Kudos to Arnab Goswami for the wonderful
' - * interview with Rahul Gandhi than AAJTAK @ timesnow
= Il ==
HEE = 0N —
0k Positive

7. Apr 8. Apr 9. Apr 10. Apr 11. Apr 12. Apr 13. Apr
et




Insights Gained from Indian Election Data:

Example 3

February 22, 2014 - April 13, 2014, “China” has been a continuous
keyword mentioned by the users who mentioned Narendra Modi

(NM)
* Other candidates never publicly spoke against China as NM did

— Tweets that mentions other candidates barely mentions “China”




Example 3: Indian Election on Twitter

Narendra Modi 2014 Feb 17 -Feb23 ~ x v studentt
4 Home
3 | campaign Profile (@ ENTITY GRAPH

41 Popularity

LA_‘ et {,O Entity Graph  Entity Type | Location ~ QQ Ranking List

— o i Arunachal .
o= | Timeline @o GANIZATION @ Stock Sleuth Retweeted 0 &
. PERSON } swamy39 Finglly we have a leader speaking up against China
Hot Topics narendramodi ... |
@ Location Mangalore m 25
Entity Graph \ sowmyarises Helweeted 0 £
narendramodi Hyderabad and Bhadrachalam belongs to Telangana.

No part belongs to andhra. Do you agree for givng arunachal p to

Hot Analysis i ) °  China?

28 | User Analysis v

shaileshmanitripathi Retweeted 0 B bis

»

.4

X China was amongst the first countries to start treating Narendra
Modi like a PM ..."

—_—

m China
lore

LOCATION ) _ .
@ 3 ACTINDIA KaheBharat Retweeted 0 (Y
‘ U NaMo Shows Indian nationalist and patriotic credentials : Arunachal desh
to stay with India, Narendra Modi tells China ...
_ ‘ - abad
o) #Ed@wE Re ted 0 (Y|

Forget about your 'expansion’ plans, Narendra Modi tells China in a
rally in Arunachal Pradesh

.W @ Punjab
Chidambaram

Ahmedabad ® Delhi

ars Gandhinagz INDIA
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1)

2)

Key Technologies -1

(In English and Chinese)

Intelligence: Reliable Data gathering Strategy
— Employ multi-faceted approach to gather representative data

— Our strategy ensures high relevance, coverage and diversity

Dynamic L Key-user | |[Hotlocation| |Image Object
Keyword Account
Crawler Crawler Crawler
Crawler Crawler
Deep NLP

— Key Phrase Extraction

— Named Entity Extraction
— Sentiment Analysis

— Text Classification

The New York Philharmonic Orchestra will make a
historic trip to North Korea in February, it has announced.
Dominique de Villepin a été nommé Premier ministre

ce mardi en fin de matinée par Jacques Chirac.

The orchestra's president and executive director, Zarin
Mehta said it would play in the capital Pyongyang

on February 26. In August, the reclusive communist
country's Ministry of Culture sent an invitation to

the orchestra at Lincoln Center in Manhattan.

HEIFRETANAHETRES, BHEER AR ErRFHENHRS

EEREAASRERATHERBRREAN VS SRMBEIRDR. HHHWETEAE,
FHHFARI. EEKA11 A1 BRER:
MEEBZERIHAN, FFEH—B. ABRKEARASREATITHRENRIRE.

Person
Location
Organization
Date

Time

~ Title
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Key Technologies -2

(In English and Chinese)

3) Noise Removal
— |dentify and remove spam messages and bot users

© sus Topics

Bjp,Seat,Give, Ticket,Sir Bip:Follow;Iweeta] ¢ ;T 735 7 RO

4) Live Event Detection & Tracking L

— Clustering and filtering
— Event classification (into emerging & evolving
eve n tS ) Vote,Congress,Bjp,Party, Time

vole for e newnch modk . cop hos become pacp. ond
‘Congres: k 7ef mocke seculcr rest partys anofher foce of CONGRESS

Sir,India,Pm,Wish,Hope

5) Predictive Analytics:

— Detect viral messages and viral events Takashimaya s.C.
before they become viral
— Detect influential/ active User T wengpone

e
4 ¥

L

3 ‘ Plaza Singapura
= Wi- - Hsll 146854




Key Technologies -3

(In English and Chinese)

6) Prescriptive Analytics:

Data Gathered from Weibo & Tencent Weibo [ Mar 24 -Mar 30 |
[35248~3H30H]

— Convert data into reports/ Actions

— Towards prescribing (current and future)
actions to improve user engagements

* From Data -> Analysis -> Predictive ->
Prescriptive Analytics

— Towards analysis of “why” and “how”...

— Work on characterization of problem, and
solution to alleviate the problems
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Large Scale MM Content Analysis

(ICMR 2014, ACM MM 2014)

* Information is becoming increasingly multimedia
o >30% of microblogs have images/videos

o Over 40% of such microblogs do not have relevant text
descriptions

o Purely text based approach is inadequate

* Key problems: How to identify images relevant to

entities/topics without relevant texts
o © Huge amount of social-tagged mm content available
o ® Large semantic & intension gaps in mm contents

o © Classifiers to detection certain classes of visual
concepts, logos are effective




Key Evolutions in Recent Years

Large-scale media resources available

Social Media contents shifted from text to images/videos
Research on integrating data, users and social network
Multi-source, multi-task fusion

Many applications ...

Era of deep learning, improved content
representation and multimodal fusion




Large-Scale Social Image Annotation

Mining Curated and Weibo Images

* Focus on analyzing social images from different types of social networks
o Classifying curated images from Pinterests — Fashion, Food and Travel domains
o ldentify brand images from Weibo — Product and Logo Detection

Beauty O'holic
———————————— Etg
Seed Tweets Generation ; 7§
. Tweet Image it
Togobaiestion Relevance Estimation N f
. B -~y
—— g el
________ An image from another user
e S aetmenietutni S S —
| ragesuﬁasrc I Joint Textual-Visual Tweet | | Extended Search in Microblog r - board
I o o | | Re-ranking | |
|| A | Social Context-based Visual Content-based [ Skt ]
: S ‘00 : | e ' \Tweet hypergraph X : : SRSt ‘ .. ..... ’ board name
| - g '« | © % 5y ) P i i
I 7" l l /‘ - '_}_/. . ‘:‘A‘.» 7R L = ! : plnned Image
e, e ) v 3 - 20l =N
o mam | (\O(g" R A ] :
| @ | | \\\/ . s I i B~ L o | < a ..
I R ': I = 4 ,;,-JA,«,»‘ e seed e
N |
http://www.nextcenter.org/Brand-Social-Net/




Deep Fusion for

Complex Video Event Classification

~ Fusion | | Event | (a) Query Video (b) Layer-wise (¢) Overall
i f i [ i ! z None
E ®| o @ i | 8
i |of o] |e l/ ;
- : : E
H: : ||| Wedding g
HF 3 i : Ceremony w
HA LS 8 ‘ o | 3
e i P! °
SIoIg @l | L
, ol (o |® ol i - ’: 2
[ i Feeding an S
L®l 1®] [*] How oi i Ani E_
L |- 8
ol fol o /ol | E—— 2
10100 g “‘ H
i fe] (@] (@) Changi'ng"i?‘=i -
| . ol lalile || gmachicle Tire | §
Where E E “rme i\i g
| ® 1 P s
Outdoor _ Indoor E E. . . : : . E
DeepFusion Network Discovered Semantic Correlations

Results on 2 benchmark datasets (MED’11 & CCV) demonstrate
its superior performance as compared to state-of-the-arts .

methods ﬂ'



Content Representation via Embedding

Learning Features from Images, Tags & Users

Deep Semantic Relation Embedding Architecture

Off-line On-=line
SO - - - - - - - " >"""—"—-"=—-"~>"~"=""\="—""=—""=—-——"="=""="—"/”7™ 25 b - - - - - - - - - L]
[T BN J . - = S | . . - .
e S Semantic : Deep Semantic Relation Learning | : Spar se_Featm e Vecotr :
_S==2 =¥ Relation | | [RelaionGarpn T s
. Embeddi L Marximize: |
-, mbecdng ’ | rrary l 5 ’ P(Word | I o : Word Centers :
@ @ @e—e @ ' £ ord| Image) | | F !
L = [ o P{ Image | Word ) | I I
@e"0) @@ - - . @80 (888 @88 o - @e:-9) : gl WD : : Embedding Space :
Word Embedding 1 Image Embedding ’ N ______ . S vl N |
AT e . R . | — |
Corpus Vocabulary | Vision Deep Model Learning | LY slon Deep _ Corpus _ :
r~ ) : Regression | [ mage | : Model Vaocabulary :
(EESTIE PR g PRSR0 T g ) L OW [T Embeddng \—m— || ! |
=Rl E wnBll EETani "L
Collective Captions and Images J ' Embedding | ! }

Architecture Feature Learning Feature Extraction

MAP% of the proposed features (last two) as compared to state-of-the art on benchmarks

Dataset /Method

DeCAF

ICMAE

Ours-fc7

Ours-4kSc

NUSWIDE

38.6

32.7

41.3

42.9

CCV

62.5

58.4

67.2

67.8

)

.,
3 I‘



Content Representation via Embedding
Examples: Image-lmage Embedding




Content Representation via Embedding

Examples: Word-Image Embedding

Walking
Walking
+
Girl

Romantic
Handsome




Content Representation via Embedding

Examples: Image-Word Embedding

i — ———— -

3

'.soccer, field, game, |
sand, water, players, zijn, groen,

playing, white, running, roelof,
bikini, chair | januari, ball

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

beach, girl, ocean,

rwedding, wearing,

dress, white, girl,
red, black, pink,

dressed, flower

bike, girl, street,
yellow, car, white,
woman, boy,
man, dog

]
1
|
-




Content Representation via Embedding

Dog

Morning
_F
Drink

Examples: Word-Word Embedding

_____ —_— J— —_— —_—

Joster, sleeping, service, i
cute, cat, puppy, stray, !
freshfields, spaniel, pug |

—_— —_— —_— _————

drink, champagne,
sky, juice, drinks,

coffee, fogov, cold, '
soda, sun ]

Girl

Evening
_F
Drink

dress, cute, hat, pink,
i Doy, portrait, baby, shirt,
birthday, blonde

_________ ——— ——— ———

evening, drink, wine, beer,
bartender, alcohaol,
beverage, martini,
liquor, bortle

— —_—

Table 1: Spearman correlation of 971 word-pair similar-

ities computed by different methods and MEN human

judgements. Our method learned from SBU is very close

to Word2Vec learned from Google News.

Method | Word2Vec

S-CNN

Ours

MEN 0.65

0.36

0.64




Content Representation via Embedding
Examples: More Interesting Embeddings




Content Representation via Embedding

Examples: Features can also cross modality

1. Three boys in a forest clearing look at something off-camera.

2. Two long-haired dogs racing down a forest path.
3. The parachutist has a bird flying along with him.

4. Three people are walking on a green area down a path
between a forest of trees.

5. Two children looking at horses through a small fence. ]

1. A baby boy in a car seat is asleep and crying.

2. A young girl sits on a seat and locks at a train pamphlet.

4. There is a little boy in red shorts asleep in his car seat holding

|
|
|
I
3. A voung boy is buckled into a car seat making a silly face. |
|
a cookie. |

|

5. A young girl drawing with a yellow crayon wearing her seat belt. |

1. The parachutist has a bird flying along with him
2. A voung boy goes through large rocks in the mountains.

|
|
|
3. The brown mountains have snow on them and there are clouds in |
the sky. |
w 4. Skiiers are walking through the snow near the mountains. :

I

5. A man is skiing down a mountain with another large
mountain behind him and a river between the mountains. |




Content Representation via Embedding

Media User Embedding (Cui P. 2015)

Rl Image content

dotted . .

cylinder stripped
smooth vegetation

i Embeddin
tf)u?n?rﬁ t rg [?Sl[l:)%\f"ve nt r\glcq(d ov'v /| g

tail k a'l
footWheelsigemirorguifa " B |mage tags »

]etenglnemengine round Paper
kn] furnseat F“"peedyaé e
élothg n{QQ.LjsEina;o leaftalulgm
otear gwmg AR nose

plastic hand leathengrgzor"mléar

) 4 label aifWOOdra'Wi:&;a‘e "
propeller  humanskin  glass

featherfurnleg
: toughskin Rower

halebars

User behaviors

Multimodal Retrieval «
Multimodal Recommendation

Multimodal Classification




Framework for Representational Learning

Applications
Natural Language Social Network Multi-media Recommendati
Processing Analysis Processing on

Joint Learning e Transfer Learning

Document Embedding

Representation Learning

Sentence Embedding

Phrase Embedding Knowledge Objec?
Embedding Embedding
Sense Embedding
Concept Item
Word Embedding Entity Embedding User Embedding Embedding Embedding
r 1r 1r r 1r
Texts Knowledge Networks Videos/Images Items




Multimodal Location Estimation

with ambient audio analysis

* POI Estimation
— GPS trace of users, and messages, if any
— Utilize audio signals to estimate venue categories
— Essential for micro-videos in social media sites

Smart Ambience Sound Analytics (SASA) Framework

(accuracy: >65%) Local Human

Age & Gender
I:> Demographics

Emotion & Mood

i &
Musical Emotion

Background .
Sound Acoustic Event |:> Venue type

Characteristics of

|:> Local Human

Group

Local social
activity/event

\ ]\ J
I | |

Basic audio elements Atomic venue characteristics Venue semantics

—
—




OUTLINE

* Rich Social Media Contents

* The Live Social Observatory

* Analysis of Large-Scale Social Media Content
 User Demography & Mobility

* Wellness

°* Summary




What is Mobility?

= Mobility - contemporary paradigm, which explores
various types of people movement.

* The quality or state of being mobile
* ( (Sociology) movement within or between social classes and

occupations
= Why mobility? : R We
— Urban planning: understand the city |
and optimize services s )
— Mobile applications and f‘l@b—@p@ Y ot
recommendations: study the user " | @]_ VAN,

and offer services




robility can descrise people

Female users
MaLeZUS\/%rg’s old
20-30 years old

30-40 years old
>40 years old

9.0z, QpenSueetMap, refresh: 455, load: Onis, render: 1ms




Multi-Source Social Network Data

More people use multiple sites

% of internet users who use the following number of social nefworking sites
(sites measured include: Facebook, Twitter, Instagram, Pinterest and
LinkedIn), 2013 vs. 2014

=203 =2014 More than 50%

of online-active
adults use more
than one social

network in their
daily life

Mo sites One site Two sites  Three sites Four sites Five sites

)

.,
m‘

Pew Research Centzr's Intemet Project September Combined Omnibus Survey, September
11-14 & September 1521, 2014, N=1,557.

PEW RESEARCH CENTER




Multi-Source Multi-Task Learning

User profiling: Mobility + Demography
e Utilize multi-source social media data, & if available, mobile

phone traces
* Many applications

User profile

Wellness Mobility : .
: : Demographic profile
profile profile
Depress- : MO Move- Occupa-
Diabetes ; Obesity prefer- ment Age Gender Interest tion
ence patterns

"o
1 -+
\




Multiple Sources Describing User from

Multiple Views
Yy <& =
TexTual éto ¥ visoa V¥ ENDOMONDO
vnzw A’V vuawY vanor N Ex‘fllz‘cl:,sel

}
[ | j
\ /
\ /

MULTIPLE
VIEWS




Text Representation

* Linguistic features
— LIWC
— User Topics

 Heuristic features
— Writing behavior

An efficient and effective
method for studying the
various emotional,
cognitive, structural, and
process components

(%) @3e1uad49d

present in individuals'
verbal and written speech

samples.
Can be

A text analysis software.

- %

Dictionary Word category

80




Text Representation

Linguistic features
— LIWC
— User Topics

Heuristic features
— Writing behavior

Users of
and may talk about

e.g.

users — about
— about -
— about while
— about

ayyyypril. @ _jadevictoria - 5m
Christmas shopping this year ==

1 1
YURIA | i
Shepping w/ @Liklon &%
See you later at @ELETORYC
Tommy Wee ;
,m Saif-driving cars will be lesied on roads next year. Can | honk at them?

&) Favorited 12,831 times

KEY-YUHN! @KianLawley - 10h
Literally just witnessed a car chase right in front of my eyes while at lunch. Like

20 cop cars & 2 helicopters o %

29K 13K

LDA word distribution
over 5o topics for
collected

Twitte@eline.
Q-

a [}

)

.,
m‘

=




Text Representation

* Linguistic features
— LIWC Feature name

Number of hash tags Number of hash tags mentioned in message

— User To PICS YT T R R BT A0 0 Bl Number of slang words one use in his tweets. We
calculate number of slang words / tweet and compute

¢ HeuriStiC featu res average slang usage
g c Number of URLs Number of URL’s one usually use in his/her tweets
— Writing behavior

T o T e A = A aaia e ol Number of user mentions — may represent one’s social
activity
VT T R K BT Number of repeated characters in one tweets (e.g.

As we mention from our 100000000, wahhhhhhh)

research — user’s Number of emotion Number of words that are marked with not — neutral
words emotion score in Sentiment WordNet
are

Number of emoticons Number of common emoticons from Wikipedia article

with e.g. IV e A A Module of average sentiment level of tweet obtained

age (indiViduaIS from from Sentiment WordNet

PNV ET RN 1 &GI8 Average sentiment level of tweet obtained from
old are making Sentiment WordNet
N T 8 TS LT - Number of misspellings fixed by Microsoft Word spell
checker
tha n Number Of Mistakes Number of words that contains mistake but cannot be

fixed by Microsoft Word spell checker

OId Number of rejected Number of tweets where 70% of words either not in
individua IS) tweets English or cannot be fixed by Microsoft Word spell

checker
R




Location Representation

* Location features G
— Location semantics Frseito(7] @@@]Amm ~ We map all 4Square

anmes — Preto
Sul bsel

2 @wzm . check-ins to 4Square
%J* w. _ t Categories from
.[7 category hierarchy.

— Location topics

such o oy | 1 W
as venue categories can

For case when user performed check-ins in two
be related to

£ restaurants and airport but did not perform
. E.g.

- check-ins in other venues:
individuals who tent to

usually belong to

or years old
age groups.




* Image features
— Image concept
learning

Extracted
WEVAG]JEHS
and be related to
one’s demography. For

example user may
take pictures of
, While — of

* The concept learning Tool was provided by Lab of Media Search
LMS. It was evaluated based onsH.SVRC2012 competition dataset
and performed with average accuracy @10 - 0.637

SIFT, LBP, CH
FEATURES®

IM&AGENET

\

IMAGE CONCEPTS
VECTOR

)

.,
m‘




Multi-Source Multimodal Analysis

TEXT Features: 9V
— Linguistic features: LIWC; User Topics

A text analysis software.

iy

— Heuristic features: Writing behavior

Dictionary Word category
= LOCATON Features: @ g
— Location semantics %]
— Location topics
- SIFT, LBP, CH IMAGE

IMAGE Features:

Y/ e = FEATURES® m) CONCEPTS
— Image concepts o

IMAGENET VIECTOR

= EXERCISE Sensor Features: ‘-E

— Exercise vectors, categories ﬂ'




twittker

foursquarel

Jnsingwm

Ensemble Learning

Text data

Random Forest
Tweets
Additional
features

Random Forest
Tweets LIWC

Random Forest
Tweets LDA 50

Location data

Random forest
Foursquare 546
venue categories

Image data

Random forest
Instagram 1000
image concepts

=3
).
4

i=0

facebook.

Occupation and Education
Ground Truth

b

-
—a
- .. e

[~

Rule — based
classifier for
training labels

k
ZP(I)!X dixwiXIi %‘:—s
k i
—_—

Age and Gender
Demographic
Profile




NUS-MSS: Dataset Description

Singapore London New York
, 11,732 K 2 973K 5,264K
@ 366K 127K 305K
263K 65K 231K
i gq 7,023 5,503 7,957
b 2
Accuracy (F1) Age Groups
 Gender | Age <20
20-30
0.878 0.509 30-40

>40 3:‘ ' -




Application: Individual Mobility

Analysis

% - v [ 4 . -
[okyo t Cit .« 2 : y i 4
T ; ~2 B hoodsquare.org
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Application: Mobility Analysis for

Business

L]
&
3 S P Cay Hatem
<o North &g .

s Bergen  Gusenbery a e f
Safmna s

Uppe: .M R eer, . :
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A Generalized Multi-Source Multi-Task

Learning Model

Loss

Function Source So.urce
Confidence Consistency
T T :

1 I 1= PR

ming > [y, - 3{2 R Wa “j SO DD I Kewe —Xow |
= s=1 t=1 s=1 s'#£s
S T S

8D rw I wWa—w it Y W

<t.t' €& s=1 t=1 s=1
* Graph-guided fused lasso * Lasso, it controls the sparsity.
* Learn task-sharing features * Learn task-specific features.

* Capture relatedness among tasks

Many Applications:
* Many aspects of user profiling

* User volunteerism tendency g
* Health Modeling ﬂ'




OUTLINE

* Rich Social Media Contents

* The Live Social Observatory

* Analysis of Large-Scale Social Media Content
 User Demography & Mobility

* Wellness

°* Summary




Problems with Chronic Disease

Diabetes

Depression Cancer

Heart Disease

CHRONIC DISEASES CAUSE 7 OUT OF EVERY 1 0 DEATHS.

-
v,
m‘




Key Therapeutic Methods

Diabetes
Management




What We Know from Social Media:

Exercise

Lifestyle and Health in Social Media -1

I ran 4.87 km with @mapmyrun. Check out my route in Saint Petersburg, 66.
run #running

Ll .o
Eating behavior
Ja OMUTpUA Cdibar
h - ‘
Russian Federation! mapmyrun.com/workout/112911
MapMyRun

Ran 4,87 km on 08.20.2015
' Burned: 528

By OmuTpuid @dibart1

#MarathonPitStop stop - 12t
5 miles for the #marathonpitstop #run club!
Avg min/mi A
% e
9:52 g
S5
S
I
Calories &
3
&
00O p

649




What We Know from Social Media:

Lifestyle and Health in Social Media -2

Blood Glucose and Heart

Treatment
rate

#BloodGlucoseGuru
‘bgbingo 6.8 Il #gbdoc

Rose [@Rosie Tomato - Jan 10
Approx 6 1/2 hours post steroid injection #bgnow sitting at 179. Higher than
I'd like but better than | expected.

it

John Boyle essedDiabet - Nov 29
Injection #4 today on top of 200% TBR. Lost count of how many in last 36h.
2nd set change too. It really is Black Friday! #gbdoc #BGNow 16.2

00:20 00:40 01:00 01:20 01:40




From Social Media to Wellness

Convert Social Media Posts to Activity Timeline

fowsquare nick in North Vancouver, Canada | Notiications | Apps | Help | Settings | Log Out
@{ Where do users go? }

e e 1 User Health Profile

Heath , Health

BG Check BP Check
- | s | ¥ ) e
Diagnosed — ¥ -
J Disbetes TH | [ Activity SR
: Food 58
| Walking Di
T— nner
6Km

towair | - What do users eat? ]

What do users share?

y
Swomm  Owwsomass [ [ 7 = 4L
AVG. SPEED MAX. SPEED \ A [ 1Ps | d’;’
. T 207 kmih N 456 kmin ) / P e“m\
50 car [ o @a}"“ +
HOW mUCh dO they exe rCISe? cALORIES HYORATION ? E O\ ?Q © 9;,
& 1935 kea 0.40L L @ 09 Q‘WQ @’94 i
R O b <) TEE()
T T Emm 6% e
— - - - T AT MAX. ALTITI Ez:l-’=r:- ) \‘\:‘ eses)
S Kelley-Below-Seven @A 1CBelowSeven - Jan 18 e gwenmee L SRSl v ) b
i : [ [ weas @ = L
Eeeklll bgnow 35611 | can't remember the last time | was so high. | 2" w2 e = —
WEATI leather data @ f“lia 3 de 83
cakel & iy W e S s s
AccuWeather.com (™ "
—




Example of the Constructed Timeline

's N
Woke up bg203. Partial correction as |

Tweet Sources . #Bloodsugars 255 mg/dL. Lunch 68g carbs, #bgnow 114. Shhhhhhhhhh. Nobody
headed out for 4 mile run. Aﬂ?r runl 560cal. 12 units #NovoRapid. Zhr later 203 tell my body that | had pizza for
bg170. Hmm Maybe full correction? I'll . -
never master #diabetes :( #bgnow URL dinner, okay? Thanks.
o RN

~ ~ ~

HEALTH::TEST_EXPERIMENTS HEALTH:: TREATMENT

Blood Glucose: 170 Injection: 12 Unit
HEALTH::TEST_EXPERIMENTS
Blood Glucose: 114
Extracted Events EXERCISE::RUNNING HEALTH::TEST_EXPERIMENTS
4 miles MEAL::LUNCH Blood Glucose: 203
68g carbs
I 560 calories
HEALTH::TEST_EXPERIMENTS L MEAI;;::LNNER

Blood Glucose: 203 HEALTH::TEST_EXPERIMENTS
Blood Glucose:255

Figure 1: An example personal health event timeline constructed from user published tweets. Note that each
tweet can include information corresponding to different events with different details. Event from different
categories is represented by different colors.




Key Categories in Activity Timeline

Table 1: Ilustration of hierarchial taxonomies and health events and their exemplar tweets.

Event Sub Event Example
Meals Dinner just salad
Di Alcoholic Beverages Too much drink in party
iet : :
) Talking about hot chocolates, I might
Non-alcoholic Beverages | . = . ©
just go and make myself one :D
Snacks founc} Taylor’s pretzels in my backpack
and I'm so happy wow
Fruit almost eat all the strawberries
Others Eat 20g carbs and go fo running
Walking 20 mins walk around office..
Running after 1 hour run #bgnow 130
Exercise Biking [ just finished | hour biking
Swimming BGnow 95, thanks swimming pool
Others Shopping and having a little dinner URL
Tests and Examinations #BGnow 100
Health & wellness | Symptoms and Complains | Feel too much Fatigue
Treatment and Medicine Insulin injection
Not a Health Event Other events Proud father moment, My daughter was
accepted to #Harvard ...




Event Detection Results

& Current Work

 We have 3 main categories and 14 events. The average result

for each categories are:

Food & Nutrition 89.57 82.69 85.99
Exercise & Activities 92.23 84.30 88.07
Health & Wellness 74.65 80.71 77.56

Average 87.15 82.57 84.79




From Social Media to Wellness

Multi-Source Data for Wellness

e Social media data is just one aspect (for only socially
active users)

e What about other sources of data?

* Mobile health or exercise
data (personalized)

. Y A
e Environmental data m

Environment
Data Source

Mobile Health
Data

* Wellness (medical) knowledge




From Social Media to Wellness

Wellness Advisory System for End-Users

Olealthsenze Wellness Assistant for graceful lifestyles

Key Research

— N

— Advisory System: = Wellness behavioral
<« @I Forum/BIogs based on 6 critical profi Ies for grou pS

illnesses

Wicq
Social Media
Sources

= Prediction of critical
diseases

= Prescriptive helps for
better life style

Environment
Data Source

* For end users —
advisory system

* For doctors — a
D2D system

Mobile Health N
Data




OUTLINE

* Rich Social Media Contents

* The Live Social Observatory

* Analysis of Large-Scale Social Media Content
 User Demography & Mobility

* Wellness

* Summary




Research on Privacy Preserving

* Privacy issues
— Online: user identity (location, query etc)
— 1stand 2" order privacy
— Privacy is personal
— Help identify privacy sensitive sentences and documents
— Differential privacy for datasets

* Anti-Privacy Systems
— We work on building user profiles with privacy sensitive info
— Prescriptive measures to preserve privacy
— Help users be aware of privacy issues




Summary

* We have built a live social observatory system:
o Analyze large scale live UGCs, DGCs and SDCs
o Monitor events and happenings in city to help users lead better life
o Derive demography, mobility & wellness knowledge for “some users”

o Just social media data is insufficient, need to also integrate (structured)
data from many sources

* Build academic collaborative social observatory system:
o Support academic and collaborative research

* Meet Challenges for next generation social media networks
o More video
o More noise/spam
o More reactive and prescriptive

-
.,
3 I‘



Current Work

= Collaborative Social Observatory systems

= User Profiling and Privacy research

= Research on social (micro-) videos

= Research on Predictive and Prescriptive Analytics

=  Wellness system — for research and deployment at regional or
country level

o to support rural healthcare and general wellness of people

Other applications: Smart city

-
',
3 I‘




THANKS

Visit our Web Observatory:
http:////WWW.NEXTCENTER.ORG/

c Live Home About
o Observatory.

£ P T 23 A

o~ rs s s =
e
N

ORGSeanse takes care of the WWW of your organization, in 2 word, what
paople are saying about your arganization, whao these paople are, and
whera theyare.




