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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
— Co-creation of contents with users




Key Difference between Social Media

Platform and Broadcast Media
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Functions of Social Media Platforms

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)

What Happens in an Internet Minute?




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
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Overview of Research

From Unstructured Info into Structured Knowledge

Gather Data from Multiple
UGC Sources
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Platform as a Service: Indian Elections
Sub-Events Around an Entity (Modi)

Narendra Modi Week:201411 ~
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Platform as a Service: Indian Elections

Details of a Sub-Event (Modi)
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Platform as a Service: Indian Elections

Relations between Entities (Modi)
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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.
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Insights Gained from Social Media

Analytics

Events, topics, Users
and
their relationships




Example 2: Automobile Sales in China
Sub-Events related to Camry
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Example 2: Automobile Sales in China

Details of a Sub-Event

Week201414 ~ v chuats
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Example 2: Automobile Sales in China
From Data to Event to Reports

\R BRANDS WEEKLY TREN | CHINA
Data Gathered from Welbo & Tencent WerO [ Mar 24 -Mar 30 ]
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Key Challenges

* As decided 5 years ago, the key challenges are
Live, Big Data and 3M

What are they?




What is Big Data?

|
e
—
ES

* From TB to PB or ZB
* Fast growing

e —

* Wide variety (text, image, video, docs)
* Multi-Sources

e Data stream vs batch
* Real time analytics

* Reporting and statistics
* Trend and model prediction

* Deep analytics I"

Volume

Variety

Velocity




Big Data vs. Live

* Big Data is not about big, but about online and live

o Itis easy to handle (static) big data
o But difficult to handle big live data streams

* Big Data Analytics
o Data online and Live
o Gather and Filter data (not Store, Sample and Search)
o Feedback (close-loop) and React




Key Challenges in
Live Social Media Analysis

e T————

How to gather “representative” live data from multiple sources
w.r.t. an entity

Live Data

To analyze multimedia data (text, images, videos, locations and

Multimodal
users)

Multilingual Deep NLP for multiple languages (English, Chinese, ...)
Events To detect and track all events happening around any entity
Prediction  Predict future trends and detect hot posts / events

Generate comparative reports, user demography, and prescribe

Prescription .
actions

Automated For scalability, the entire system should be fully automated



Live Event Detection & Tracking

from live social media streams

* Aims: monitor pulses of organization/ event/ location/ people:
— What is going on; what is hot (Event detection)
— Who is involved; who says what (User community detection)
— Where are the users (Geo location detection)
— What do users share in images/videos (Image Content Analysis)
— Complain, admiration (Sentiment analysis)

* Main challenges
— Huge amount of tweets - filtering problem
— Dynamic & noisy vocabulary — conversational nature f social media
— Dynamic user community
— Media content analysis
— Scalable distributed architecture

eeeeeeeeeeeee



1. Gathering of Representative Data -1

* Key issue: How to deal with Live/Dynamic Data?

— Some studies show that there will be 6 times more data if crawled in
real-time

e 15t Source: Known accounts- Most organizations have
substantial social media presence in building customer relations
— Reliable but from Organization’s point of views

Vodafone Australia ATEINES
Vodafone_AU 9,357 TweeTs

Follow us for all the latest network news, product and service -

announcements, and special promotions. For help and support, 18,115 FoLLowine

please tweet @vodafoneau_help. 23 825 ol owens
. : ¥ OLLC
Australia - httpoiswww vodafone.com.au

« 2"d Source: Dynamic Keywords- Generate dynamic keywords to
address dynamic vocabulary issue ¥
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1. Gathering of Representative Data -2

3" Source: Active Users- Identify dynamic user
community

— Needs to remove bot users

* Overall: Reliable Data Collection Strategy
— Employ multi-faceted approach to gather representative data
— Simulate real user login behaviors
— Our strategy ensures high relevance, coverage and diversity

Dynamic :
y Rgown Key-user | [Hotlocation| |Image Object
Keyword Account
Crawler Crawler Crawler
Crawler Crawler

)

* Results: High recall, but too much noise ﬂ'



2. Mutilingual Linguistic Analysis

(in English and Chinese)

The New York Philharmonic Orchestra will make a

® Key P h ra S e E Xt ra Ct | O n historic trip to North Korea in February, it has announced. Person
Dominique de Villepin a été nommé Premier ministre Location
. ce mardi en fin de matinée par Jacques Chirac. s
° - Organization
N a m e d E nt Ity ( N E ) The orchestra's president and executive director, Zarin -
. Mehta said it would play in the capital Pyongyang Date
E Xt a Ct Ion on February 26. In August, the reclusive communist Time
country's Ministry of Culture sent an invitation to Title
— |dent|fy name Of people’ the orchestra at Lincoln Center in Manhattan.
. . . HENFRAEAAHETRES, BHEEER- AWK EiRFHEHES
organization, location and EEEAHSWIERMIHERS EEN NS RMAREE. HHWEH TN,
FERHFRVGE, REANMA1BRIER: “KEUR—-HEEL S FRATEENE
products etc. MEBBAHIAS, EHER—B. BEKEAHLREADFRENBIE.

— May need finer grained NE’s in
vertical domains

)

s L
3 |




One Approach to Phrase Extraction

* Combine Short Text and Long Text
— Short Text: Tweet, Weibo, Review from e-commerce website
— Long Text: Wechat, News

* Procedure
— Syntactic & semantic analysis
* Filter potential bag of words (using LTP tools)

— Keyword analysis
* Generate word weights from different data source [Chen et al. ESWA2014]

— Calculate Phrase

* Keep top-score bag of words as phrase

-
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Entity Extraction

* Prior Entity Database
— Wiki, Baike (combine entity alias via link redirection)
— Sogou Input lexicon database
— Geographic entity database from Tsinghua University (Guoliang Li’s

group)
* Features

— Word level: unigram, bigram

— Part-of-Speech level: postag-unigram, postag-bigram

e Algorithms
— Online learning algorithm

— Semi-supervised learning algorithm




Multilingual Linguistic Analysis

* Entity Relations i
— Infer from co-occurrences of entities in
messages

* Sentiment Analysis

— Determine sentiment of posts at event, ot i
sub-events and entity level

* Classifier/ Filterer for noise

— Employ text, social relations and
temporal relations

— To filter irrelevant contents

— To filter noise




Filter Irrelevant Content

e Consider 4 Factors:

* Content: For each tweet, perform analysis to:
— Informal language normalization
— lrrelevant text tokens filtering
— ldentify evolving text features

* Location information
* User Social Relationships
* User Tweeting Tendencies Over Time

* Train a classifier based on training set using, say, kNN or SVM.

* ForanewtweetT ., use the classifier to assign the class(es)

of T o : Fﬂ ’




Noise Removal

* |dentify Spam for Short Text

— Filter out Tweet/Weibo which contain apparent commercial intent
— Build a manually labeled dataset (10000+ labels)

e Features

— Content-based: lexical pattern, part-of-speech pattern
— Network-based: user follow information, retweet information

e Algorithms

— KL divergence retrieval model [Qazvinian et al. EMNLP2011]
— Random walk model [Li et al. IJCAI2015]

-
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3. Event Detection

(SIGIR’ 2012)

* Live Event Detection and Tracking
— Extract named-entities in text messages,
and visual concepts/ logos in associated images
— Filter noise using a learned classifier

— Cluster remaining (multimedia) message into events using an incremental
clustering algorithm

— Further divide the detected events [o=en
into emerging and evolving events Bjp,Seat, Give, Ticket,Sir

sir please also give ticket fo BJP candidate from sitamarhi (Bihar) the.

— Identify influence/active usersand || = =
update evolving keywords

Bjp,Follow, Tweet, S 734375 | Ur, Take,Sir,
Twitter,Rss -+~ Modus,Frm

thanx sir fr ur great
‘word for the soilders plz

* Key research Issues:
— How to do it Live??

— How to extract relationships
between events

— and between events and users

Sir,India,Pm,Wish,Hope
- Bjp.Seat,Varanasi,Contes
Candidate

BJP's prime ministerial candidate
Narendra Modi to contest from...

Rally,Address,Shri,Delhi,O
disha




4. Predictive Analytics -1

(SIGIR” 2012, 2013)

* |dentify hot emerging events:

— Aim: to detect such events before they
become viral

#(message)

* Key characteristics for hot emerging events:
v’ Has high rate of: User #, Message #, Re-tweet #, cumulated msg influence weight

timeline

v’ Has high level of overlap between: org key users and topic key users, org
keywords and topic influence keywords

= 6 features for classifier with high accuracy:

UY| ITwt| | Rtw?|
f]- — i 1 T f— w fg — t 1
T L ==y o e R
(A"
kutn M ku kwen M kw fe =
i = #(kutp ) fs = #( P ) Zi:n +1|AII
#kﬂtp #kwtp t—z+

-
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4. Predictive Analytics -2

(SIGIR’ 2012, 2013)

* Framework for Viral Message and Event Detection:
— Extract live social signals for early cues of trending events

— Track multiple indicators: involvement of influential user, number and
increase in msgs and re-tweets..

— ldentify also users likely to participate in diffusion process
— Classifier for viral events/messages
— Identify hot emerging events/ messages before they become viral

* |nfluential/ Active User Detection:
— Characterization of influential and active users
— ldentification of mid-range influence users

i e ' — 6" :
— Leading to prescriptive actions a3 S

)= }\‘( =
‘;—’3-@ <

3—g-2 Key User Graph G

L

.,
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5. Prescriptive Analytics

From Data to Review/ Report

* Converting Data into Actions:

— Translating past, present, and future data into
actionable items for better user engagements

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

* Reviews and Reports:

— Smart linguistic program that aggregates
social media sentiment and overall opinions
about an entity

— Generate comparative reports based on key
indicators

— ldentify strengths and weaknesses for each
entity

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




5. Prescriptive Analytics - 2

From Data to Review/ Report

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

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

— Work on characterization of problem, and solution to
alleviate the problems




6. Information Organization:

from unstructured UGCs to Structured Knowledge

* Mining structure of data from multiple UGC sources
— UGC sources includes: Wikipedia, Blog, cQA, Forum and Twitters,
or equivalent




Information Organization

The Framework

N

Multiple UGC Sources

ANSWERS

< @ !
t W | o
Le) " L}
n “ y

Information
Source Set

~ 14

* SIGIR 2013

[BLOG]Watch Presidential
Debate with Barack
Obama & Mitt Romney ...

Proposed Framework

Topic Hierarchy [CQA]When will the

Topic Term
Identification

|

Topic Relation
Identification

{

Topic Hierarchy
Generation

Ultimate Debate between
Barack Obama and John
McCain take place? ...

Benghazi Attack

[TWEET] There will be 4
participants in the Debate
tomorrow night ...

Generate
Update
Barack Obama Debate
ideology
Democrat

Islam oA
Socialism




Key Research Focus:

Topic Relations Identification

* Sub-topic relation: R(t,, tp) indicates that t, is a sub-topic of t,

* We use multiple evidences to estimate probability p(R(ta, tb))
of both directed and undirected relations

PRt te)) =( 2 We-e(tate)): [T etats)

e €Egirect €s €Eyngirect
directed-evidences .
. npmi( Barack Obama, policy) = 0.7
Searchengine . S TR —— :

What is Barack Obama's policy on immigration .
wiki_.answers.com » ___» US Presidents » Barack Obama - P(R(% Barac bama °|§3Y)= 0.9
‘ .

Information Source Set

Barack Obama's thoughts on immigration? protect the bo

1
1
1
|
WUte 7 | : WlklpEdla
. 1
Barack Obama * Fresidency ack Obama Policy :
- 4.1 First days - 1
&8 4.2 Domestic policy .---Rlpolicy, BarackObama)__________ :
& 4. 2.1 Economic oolicw




Barack Obama

Information Organization:

Topic Hierarchical Generation

Barack Obama
Ta Policy
-

Debate \ Tax

Resultant Hierarchy

Algorithm 1 Hierarchy Generation Algorithm

Input:

T: the candidate topic term set;

Output:

17:
18:

i e Al

Ryei: the sub-topic relation set of the resultant hierar-
chy;
Tei: the topic set of the resultant hierarchy;
Initialize To = {C}, Ro = ¢
for i=1TO < do
t + select TermFrom(T —T;_1)
if t is NIL then
R?‘Et — Ri—l
Tret — Ti—l
break
end if
T+ tuTiy
R; + R;_1
for all #, IN T;_{ do
if edgeBetween(t, t) exists then
R; < R; U edgeBetween(t, t)
end if
end for
edgeWeighting(R;)
R; = hierarhcyPruning(R;)

end for




Evolution of a Hot Topic
over time

T/
Tax Inauguration

Medicare -
Policy
\oll
N

Nomination

\ Bafacl Obwma
< —> ) jhazi
Iec@\ ’/tﬁ)% Benghazi
Promise

Debate

Oct Beluwswvemoy 2512012
Nov 15t |, 2012 ~ De¢ 15, 2012




Application in Multimedia QA

* OneSearch:
Multimedia/multilingual
guestion-answering

— Long term research: turning

social QA into dynamic
knowledge structures

— Focus on returning timely
multimedia answers

YOUR QUESTION IS: 5

a What is the best natural sleep aid? Ice Age 47 @

& WEFEMHA?

M Newton's laws?

Skype on Android Phon:

Skype for Android phones

How to get Skype Video on Androi
How 1o get Skype Video on Andr

# | How do I make ice cream at home?

- »

Skype on Android Phone ?

5 tuition of MIT?

D B

@ price of gasoline in Dallas?

Where Amazing Happens

Well it may be that you have a poor
connection or your android phane might
not be supported - in their latest update
android 2.3 it had released skype support
for 13 different phones - hope it helps!

Why can'tIlog into Skype on my Android
phone?

uninstall it and download it again. my Ig
revolution did not have a problem with
skype. idk why it works perfectly on mine
and not on urs. like i said uninstall it and
download it again

Why doesn't Skype work on my android
phone?

Reference:
Skype on Android Phone
Skype

“Skype~ is a proprietary voice-
over-Internet Protocol service and
software application originally created by
Niklas Zennstrém and Janus Friis in 2003,
and awmad hu Mirrnenft cinra 7011

Overview

| models | prices

Samsung | 44 | $200 to $800 (median: $550)
HTC | 24| $180 to $800 (median: $615)

LG | 20| $160 to $700 (median: $400)
Motorola | 20 | $130 to $800 (median: $600)
Virgin Mobile | 8 | $80 to $300 (median: $180)
Boost Mobile | 6 | 5100 to $300 (median: $130)
other (14) | 32| $70 to $700 (median: $250)
all brands (20) | 154 | $70 to $800 (median:
$485)

(regular prices from Best Buy rounded to the
nearest dollar)

Products

Cricket -
Muve ZTE

$69.99 |

MetroPCS

- Samsung

$79.99|

Virgin

Mobile -

$79.99

Boost

Mobile -

59999 |

Cricket -

Muve ..

$99.99

.. (144 more products) .

ng Weather in May 2011?

QA about: Fact about: Twitter messages abo
Android mobile phones Skype on Android Phone
Nev

e

s my techie friends - how do I get
the sound thru my headset on a
skype call on my new android
phone? headset mic works but not
earbuds (




Overview of Information Organization

Unstructured to Structured Knowledge

* Towards knowledge structures/ graphs for different domains:
* Information and relation extraction
e Multi-source knowledge integration
* Domain: Entertainment & Wellness (Critical llinesses)




7. Scalable Infrastructures

Social Observatory Social ( Brand | ( Image
Applications Monitoringr | Tracking L Search J
Multiple

Visualization

( “Word ™, ‘

s /\
< Map ) ( Tree ) (Graph)

Cloud SOl N N S

Image Hashmg EIaschearch S
Cross Indexin
8 Index ] Text Index Graph Index

Data Analysis
& Processing

Live Processing
- Storm + MemoryDB

Batch Processing
- Hadoop + MapReduce

Analysis Tools

- Sentiment Analysis
- Entity Extraction - User Behavior Analysis

- Hot Post Detection - Event Detection & Tracking
- Near Duplicate Detection - Social Influence Mining

S eeeeas - Opinion Mining=++++-

Analysis Tools
- Image Annotation

L

Data Storage

HBase ‘

Hadoop ’

 §

Data Filtering

|

Intelligent
Live Crawlers

/-‘ \\ /- Ty p G N //_H\\\
< Micoblog ) ( News \/\ Blogs ) (\ Forums )
N N PP S D -

* 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




8. 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




Large-Scale Social Video Analysis

Deep Learning Architecture for Fusing Multiple Cues

. @ l ;
N[ . Observation 1: Actions,
| |- ' ol o] |® i 1 .
Who | [l W[ HH | N ~ objects and scenes compose
i 14 ' i | J141: ‘{ Wedding | . .
| LRI | Coremany the semantics of videos
| AR F 1 2 Wedevise a multi-channel
| | :: ® |9 { i
‘ i E,... 0 ,-.—‘E }‘ deep NN
il [o] |@ | | i-d i
- || Feedingan ) ]
» °[° | How \|°| ‘f}n_imal . Observation 2: Direct
i CELELE 1 | - - modeling of these semantics
§ el el | ol ~are not effective
| 1 it B = We extract more higher-
| 1| (o] |®] |@ { | .
i | Elel bl s |  level semantics that are more
Where | Lol of fo ~ easier to be fused.
| AN |
1 Tutdoor ‘ Indoor I i E . E = ]; °
1 Scene Rl | Makingan |
A R o I e [ it * Sandwich |

.,
3 I‘



Large-Scale Social Video Analysis

Deep Learning Architecture for Fusing Multiple Cues

* Experimenting with Multi-modal deep learning architecture

— combining object, scene, motion and text features

* Automatically discover mid-level attributes

Used in benchmark classification tasks

— Out-performed existing state-of-the-arts features/systems on image
annotation and video event detection

e Towards continuous learning system




Example of Attributes Discovere
(Airplane)

14.jpg 25.jpg

{

27jpg

'l

40.jpg

53jpg

I

‘

66.pg

79.jpg

b

92.jpg



Example of Attributes Discovered




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




Large-Scale Social Image Annotation

Mining Curated and Weibo Images

* Extend to social images from different types of social networks
o Classifying curated images from Pinterests
o ldentify brand images from Weibo

Beauty O'holic

R ow— -
ee weets Generation Y 4 \m
Tweet Image —
Relevance Estimation Al° o f
'ﬁ : =
________ An image from another user

— — —— — — — — — — — — — — — ——— — — — o—

Brand Search

' Joint Textual-Visual Tweet | Extended S h in Microbl r board
Results | oint Textual-Visual Twee | xtended Search in Microblog -
| | Re-ranking | |
X i a2
6 o | é | | | I Social Context-based Visual Content-based o ol - ) board name
E e | -~ \Tweet hypergrap/h e I tecaad !

Gy
@\ /){ oL
| ! }_//“' u® b 6 ] pinned image

)
L

http://www.nextcenter.org/Brand-Social-Net/ ﬂ'




Deployment of Visual Technologies -1
Variety of Visual Technologies

Sixth Sense
Juj
® o

o
R
©

62
(g")
S
sl

Gowogle IQ Engines &

VisionGo

SINGING
the mdb/vi;mvs;a;dm engine l I ke *C? m

VVVVV | searc

=
= Automatic Photo Tagging and Visual Image Search

Stanford Mobile Visual Search

Mealsnap




Deployment of Visual Technologies -2

Some vertical domain visual search engines

Company

Superfish
Cortica
Face++

Dextro

Appl"

Snapfashion Fashion find Apps

Visual search API for
image

Contextual Ads
Serving for image

Face, in finance &
surveillance

Visual recognition for
live video streams

Technologies

 Similarity Search
* App development

 Similarity Search

* Matching-based
recognition

* Similarity search
* Object recognition

* Visual analytics for

images/videos

ViSenze

Visual Search &
recognition API for
image and video

* Similarity search
* Domain ontology
* Object recognition




ViSenze: A Startup Company under NEXT

(www.visenze.com)

VISENZE

mplifying the Visual \

AWARDS

RERIA REDE
100 0_ WINNER &

WINNER Pl 190 2

2014 2014 MOST INNOVATIVE  Application Tools
SOLUTION & Platforms

e finest in ICT in
EMERGING
TECHNOLOGY

Key Customers:
(over 50% of key sites in SE Asia and South Asia)

Flipkart, Rakuten, Zalora (Rocket), Lazala
(Rocket), Reebonz, Patsnap

Size of Company:

e 30+ Employees

e 22 Technical (7 PhDs)

* Support over 30
million paid images

 Moving to USA and
Europe

Download
Flipkart App
from Phone
store



VISUAL POWERED E-COMMERCE SITES

———— BUY SIMILAR FROM CLOZETTE SHOPPE ———

BUY SIMILAR is 2 fun tool that uses calours, shapes and pattems found in the

2:24 £> 258> 2384 §/CRE8/Z N

TBLANA RENARRRR)
m?if! ep— a
LEal L R ES mEn

STEP 1 drag the frame to detemmine
which part of the phato you like to search

STEP 22 selecta categoryto seareh

- B -



Snap
Search
Buy !

Shazam for
Fashion Commerce !

-
lg.
3 |



Making Visual Content Targetable and Relevant to Advertisers

herword|)l115

THE WOMEN’S LIFESTYLE

) Mer Woild Golf Chalkenge 2014 0 SHES0PS SALON Fnoen (BN

EWP PRESENTS

oy LONGCHAMP LE PUACE® CUR
NOTIONS

1
UL Her Woild 3aauly Aver ¢s 2014
SEX EDDINGS SOLUTIONS PR

FASHIO! ELEBSMEN'SE LIFESTYLE
MARKETPLACE

BEAUTY
SHOP THE SALES WHERE TO SHOP SHOPPING BLOGS

LPRATES FAR FINDS

She does it again: Duchess Kate's DVF wrap dress sells out online WIN

Duchess Kate’s Biue Mountains visit caused an orline shopping race to grab the batik-print Diane
von Furstz=nberg dress

FIND OUT MORE

4t s 4
4 ZALORA

LEE HwA JErversey
ASIA'S BIGGEST ONUNE FASHION STORE

This week’s specials

B

A
3
WY

.Y W?’\';,Tff 3
R R R R
RRRAS
7\
PPN

',T)
(<

7

Prince Wilkam and Duchess Kate at Blue Mountsins in Australia, image: Getty Images
has=oid out

Duckess Kate'= hawk-ayed fans do have fastfingers —
Sori _=hortly 3°ter the royal was seen in £ during her Elue

onthe morring of
JsU alia

bane the Duka of Cambridge, the Duchess picked the comfortable anc almost

Noble Diamond
for Forevermark

FIND OUT MORE

FOREVERMARK

<

Standard Ad
impression
remains
unchanged

Contextual eCommerce Ad

(Fashion merchandize
image is auto-selected or
recommended based on
closest similar outfit from
a fashion database)




Contextual Advertising in Videos

In-Video Recognition

Detect and recognize
brands/logos in videos to
associate with relevant

Ads or Recommendations




Use cases for Visual Search & Recognition

Offline to Online

Online to Offline

Large-scale database retrieval
Visual recommendation
Supports multi-categories:
 Fashion & related

* Packaging

 Home décor, furniture

e Diagrams/drawings

e And MANY more . .......




Deployment of Visual Technologies -3

ViSENZE
Ssimplifying the visual web

= Recent products are targeting
at mostly 5 vertical domains:

= Fashion N Snap
= Home furnishing | Search
= Products - . |
I-i - = Bu °
= Surveillance ﬁ ﬂ%\\ ¥
- Finance K‘P el .‘! «*r Fashf::zcao,r':r{r‘r);rce!

= Highlights of most current deployments:
 Most are based on image matching & annotation technologies
* Visual recognition has just started

 Some impressive recognition systems are crowd-sourced-based

* Hardly anyone offer real-time in-video products



OUTLINE

* The Live Social Observatory

* The Technologies behind the System
 Next Generation Systems and Challenges
* Other Related Research

°* Summary




A Recap: Key Characteristics

of Current Generation of Social Media Systems

 Live, Big-Data and 3M (Multi-source, Multimedia &
Multilingual)

e Support users’ need for communication, sharing and
Interaction

» Support co-viewing and co-creation of contents (by users and
systems)

* Develop social analytics aim to understand contents, events
and users - targeting at recommendation

-
',
3 I‘




What Has Changed in Last 5 Years?

1. Image/Video handling

— Top 3 recent social media platforms are all image/video centric

s [ O

— Live video and online devices common
place

Q Periscope




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: videos 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.

e See also Vine: 6-sec loop-videos




Pe ri SCO pe Q Periscope

e Similar to SnapChat in supporting live broadcast from mobile
phones

e Users can broadcast and watch any other live broadcasts

° Why |t |S hOt?? Explore the World in Broadcast Video

Real Time LIVE from Anywhere

— Support mobile-based broadcast
— Track events live

000 ATAT ¥ - W2PM
- I nte ra Ctive i e - Crazy sunset right now

— Integrate with Twitter Social
Network

4 v

Start Broadcast

QIWIEJRITIY|ULI JO]P

A|IS|D|FJGIH|J|K|L

« zxcvenNmED



What Has Changed in Last 5 Years?

2. Live location analytics
— Sensor devices are everywhere — capable of multi-form of sensing
— Multi-source information: location traces, POl and audio
— Towards better location estimation and mobility analysis




What Has Changed in Last 5 Years?

3. Live aspect is central now

— With Live, comes the ability for continuous sharing and feedback..
— Users want instant feedback — from friends and systems

* Live videos are commonplace
o Shoot, share, and feedback, all live
o Many examples: home automation, SnapChat, Periscope

o Problems in understanding and reconstructing the interesting places
visited and/or events happened




What Has Changed in Last 5 Years?

4. Quality and structure of data
— Deteriorating quality of data, with about 70% of UGC's belongs to noise/
spam/ rumors category
— Representativeness of data is important, especially for large dynamic
topics
— Key approach to making data usable is to structure them — at both data
and knowledge level

-
',
3 I‘




What Has Changed in Last 5 Years?

5. Co-Creation & Co-Invention

— With live instant feedback, comes the possibility to co-create and
co-invent

— Not just the contents, but systems and design




Co-Inventing the Future -1

* GoPro points towards future of Consumer Electronic Products
o Products online from Day 1
o Create social communities
o Feedback to product design
o Bootstrap new products and applications

* Another example of intelligent appliances: Home Air Filters
o Filters online from Day 1
o Understand users’ living habits
o Auto order when filters break down
o Extendable to any home appliances
o Foundation for intelligent home

-
',
3 I‘




Co-Inventing the Future -2

* Product Design:
o Building a dedicated user communities

o Leverage opinion leaders in communities to feedback on deign of
systems/products (hardware and software)

o Offer new design through communities to influence more users
* Government policies

* Early Stage Examples




What Has Changed in Last 5 Years?

6. Online & Offline Integration
— Online data represents certain segment of population
— Offline data often represent the majority, if available
(However, other than ecommerce, offline data is often limited)
— Integration of both provides full picture of the world

= Examples:

 E-commerce social media buzz; need offline data on actual sales
and online sites that cater to buyers

e Election of Singapore — social media and actual voting pattern is
totally different

-
',
3 I‘




Big Data Revisited

* Big Data Analytics
o Data online and Live
o Gather and Filter data (not Store, Sample and Search)
o Feedback (close-loop) and React

* Big Data is not about big, but about online and live
o Through user and systems feedback, to realize better user experience

e Towards C2B

o Alternatives to B2B and B2C, where business takes central roles
o Customers now take central roles in influencing business

-
',
3 I‘




Key Technologies

* Predictive Analytics
o Predict users preferences and dislikes

* Prescriptive Analytics
o Analyze user communities and identify local communities
o Analyze user feedbacks, identify needs/ concerns
o Formulate actions




OUTLINE

* The Live Social Observatory

* The Technologies behind the System

* Next Generation Systems and Challenges
* Other Related Research

°* Summary




Multimodal Location Estimation

Combining Text, Visual, Location & Audio Analysis

* Given a series geo-tagged tweets, how to map S
them to actual POI (Point of Interests) NG e @%-“

NE5

— Each geo-tagged locations may be mapped to 100s of R X t @ ®
venues (as defined in, say, 4Square)

Hui Seng
isigq sttt Of Bldg

— Sampled audio signals to estimate venue categories Ny T h‘“fw R
(for elder-care applications) £

— Results using Tri-modal Deep learning architecture
(Timber, Rhythm, Pitch) > 67%

— Classifier to estimate exact venue

% -
1222;: | g3600 0 Venue Classification via Audio
80.0% - 79502 72 40% 76%

70.0% - 67% 68.50% 69.50% 7 50%
60.0% -

50.0% T T T T T T T |

Restaurant Kitchen Library Office Café Shop  Study Gym Canteen
room



Location Analytics

= Mine relations between check-in venues

= |dentify landmarks of local venues

= |dentify popular trials (of individuals and their friends)
= Analyze user demographic and interests communities
= Generate multi-faceted user relation graph

7 farod = = 3
i v s ol [ b

Travel paths and flows of users Interest community of food
lovers in Singapore




Overview of Computational Wellness

=
Wd)M & ;)
LS x
KB

® .. Forum/Blogs
Wicq

Social Media
Sources

Sensor Wellness Data

— e
I — e

Healthcare Knowledge
Base: support vertical
search and QA

User Communities:
sharing of experience &
knowledg

OlealthSenze gathers & organizes big-data from multiple sources

I Education &

Training

* Personalized wellness
with big data

* Focus on 6 Critical
illnesses

* Predictive and
prescriptive wellness

)

.,
3 I‘




Towards D2D (Doctor-to-Doctor) Network

A Form of Social Life Network

Well-trained
Doctor (Hospitals) ' e With

patients and

Patient & .
Disease disease
Referral referrals,
D2D network
also serves
as national
monitor for
diseases and
Community Community EJe]fe[aglle
doctor doctor
/'\A le 4 i—- & ﬁ &
o dled §57? "y Able to reach hundreds of
@ & °. AL = . . .
2 .-'- * | f ol iﬁ millions of patients at !
& %'i“-,, ﬁ .% =®  various Locations :
el gt o™ §



Wellness Advisory System for End Users

OlealthSenze
—
<l =
Advisory System:

based on 6 critical
illnesses - End Users

® .\ Forum/Blogs
Wicq

Social Media
Sources

* For end users
 Offer advises on appropriate
activities and diets based on

Tonment ) current conditions
Source ﬂ'




OUTLINE

* The Live Social Observatory

* The Technologies behind the System

* Next Generation Systems and Challenges
* Other Related Research

°* Summary




Summary

We have built a live social observatory system:
o Work on large-scale real-world problems of impact
o Analyze large scale live UGCs and SDCs, and possibly MGCs
o Monitor events and happenings in city to help users lead better life

e Research under NExT Research Center:
o Over 40 researchers at all time
o 2 Startup companies

ViSenze Pte Ltd
- 30+ staff VISENZE

o Mobile visual search

6Estates Pte Ltd ;
o 10+ staff O 6ESTATES

o From unstructured data to actionable knowledge ﬂl




Summary

* Many Challenges:
o Deeper analysis at entity and relation levels
o Multimodal analysis at various levels
o Real-time analysis and inference
o Prescriptive analytics
o Links to social understanding of events
o Privacy and Transparency

* Towards Innovative Applications
o Social wellness
o Smart city, E-government
o Education..




THANKS

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

We have openings:
* Interns, Research Staff, and Visiting Research Staff

* For NEXT Research Center and Companies



