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flickr ...

Home You Ovgarice & Croale Contacts CGroups

Winner
flickr

3,190 uploads in the last minute
3.2 million things geotagged this month
4,754,012,299 photos (2 July 2010)

YouTube

24h of video content uploaded every
minute

2 billion movies watched every day

WeknouAT

facebook
More than 400 million active users

More than 200 million users log on at
least once each day

2.5 billion photos uploaded each month

The murmer of B WKOHOWE Geand Traes!l Chalengs

-

ICT Innovations 2011 Skopje, Sep 16, 2011



Social networks and media
« Users upload, tag, share, est Shift
connect and search

Pttt 1 the SECONM Liagos caseih gt o4 the vt
Y'. e m:ﬂwxmr“\u\pu L

 Emphasis is on uploading,
visualization of results
and interfaces

* Single media item
analysis

« Limited usage of the
Collective nature of
Social Networks

\
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flickr:

Deutsches Eck from Ehrenbreitstein
Fortress, Koblenz, Germany

by schaengel

= 121 comments o 69 raves

W
Tagged with koblenz, ehrenbreitsiein
Taken on November 15, 2009, uploaded

November 17, 2009

ﬁ See more of schaengel pholos, or visit

his profile

M ERrantoatalein Fofress you can et 3
nIng aea

loungefly

User
Profile

o
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Two main directions

» 1. Improve access to social media
= Tag refinement, suggestion, propagation

o 2. Extract implicit information, capture
emergent semantics
= Not explicitly identifiable by users
= Data mining
= Collective Intelligence

>
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Tags everywhere

tag cloud

Call for

Eapers
IVR2009
Collective
Intelligence
Conference
content popularity
images Invited
Talk vus
Multimedia
Retrieval
Multimedia
Semantics
News object
detection
Ontologies
Patents proceedings
Project Semantic
Multimedia
Semantics social
bookmarking tutorial
video retrieval

Wean(wli‘op

WWWwW2009
more tags

Describe content and Search

california cameraphone ... cenada cor Cat s chicags
ChING CHistmas s Oy TOUEE wae swat Sy & TG00 e angland

ourcpe faMIlY www sos flower flowers food france
Mvm—-—mpw'uﬁmn—
T USSR ” TV T To T T [ —
st IONTON wnagess MACIO s My ME mexie MODIOY s
o MUSIC NBLIUNS new NEWYOK sevyoncn ssasses Night NYC

e v sy s s SANNBNCISCO wrew wtend we Soatle v SKY
SOOW spar SPNNG sreetl SUTITEGE o UL NWEN s Patew tokypo

s FAVEL toe veen WP ik vt e usa VACAtiON
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mh Photos Groups Peccie

Foll Toxt | Tage Onky
T 23000t | smancy | T

Som  Redevant Receorr ~lorea g View. Sesall Madum Dt e S oS how
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’ Very low recall

Tags

Propertyi1
Canada
photo
image
digital
urban
Halifax
park
morning

night

Pentax K20D
Sigma 70-300
garly

e mleyviilla
Sackville
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Search Photos Groupe Peccie

Tag Clusters
Sot. Relevant Recest s e PNOM0S with tags like nyc, newyork and

m sl

Pholos with tags like fruit, red and green

0 Photos with tags like ipod, iphone and music

——
W ;P n‘“-

By comblnlng information from many
photos - tags, it seems that we can

Stable patterns
in tagglng systems over time

——-
¥ 1
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( Tag refinement, suggestion,
ranking

Inns Yagging Photos & Tags

\--‘-wlw\'o.
A - "

 J

oy

4" " |
Al

|

-

Retrieval of Resevent Weighting Lsing Visual Final Ansotason
> Sievilarities
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Social Networks and Collective Intelligence

« Social Networks is a data source with an extremely dynamic
nature that reflects events and the evolution of community
focus (user’s interests)

« Potential for much more if we mine the data and their
relations and exploit them in the right context

« Scalable approaches taking into account the content
and social context of social networks

« Search and Discovery of meaningful topics, entities, points
of interest, social connections and events

« Rather than search for isolated or directly connected social
media items

7
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Genova Fisa Floronce Sera Peruda ishand of Eba

. .
trace Flickr users from a chronologically ordered set of
geographically referenced photos

Who are the Italians and who are the Americans?
MIT SENSEABLE CITY LAB, “The World's eyes”

o
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Contribute to our
understanding of

Tags that are “representative” the world

for a geographical area

- Alcatraz
plden Gate Bridge Treas]
. Ghurardedli
1. Clustering of photos Palace ST Fina Ao Tower
. b 0
K-means, based on their . e
location [Kennedy07] > "'°""'?Japa"T°w"basml

W""“) W

2. Rank each cluster’s tags |FeEERSwEREEE

3. Get tags above a certain Representative tags for San
threshold Francisco [KennedyO/]
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Uses the GPS in cellular phones
to gather traffic information,
Brocess it, and distribute it

ack to the phones in real
time

online, real-time data

processing

NOKIA
privacy-preservation P ——
data efficiency, i.e. not &-D.,{J
requiring excessive cellular
network Mobile Century Project: http://

traffic.berkeley.edu/mobilecentury.html
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L

Social Media as real-time Sensors

Tweets mentioning "earthquake® immediately following Virginia earth

TweetQuake

Menticos of “earthguake” 0n Twitter i the S minutes
following the August 23 2012 Virlging earthquake

2y AT esove

Moo twarn .-

Nan Mislove', Tune Lehsissn®, Yong Yool Akn', Chloe Klusuun-Sideer’

Nt 1 pmt et bty "Pediwvs Miversrs
Tobamr ' MNeeoryTy o Jormme g THe Wiaawr Sbani

“...if you're more than 100 km away from the
epicenter [of an earthquake] you can read about

the quake on twitter before it hits you...”
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Web 2.0 Content and Challenges

 Multi-modality: e.g. image + tags, image + video

« Rich Social Context: spatio-temporal, social
connections, relations and social graph

« Inconsistent quality: noise, spam, ambiguity
« Huge volume: Massively produced and disseminated

« Multi-source: may be generated by different
applications, user communities, e.g. delicious,
StumbleUpon and reddit are all social bookmarking sites

* Also connected to other sources (e.g. LOD, web)
« Dynamic: Fast updates, real-time

7
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collective intelligence

...a form of intelligence emerging from online user activities

Collective Intelligence >> sum of individuals’ intelligences

o
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Research Fields and Issues

o Statistical analysis, machine learning, data mining,
pattern recognition, social network analysis

o Clustering
» Representation, modeling, data reduction, graph theory
» Image, text, video analysis
» Information extraction
e Fusion techniques
o Stream processing and real-time architecture
e Trust, security, privacy

» Performance, scalability
= speed, storage, power, grids, clouds

>
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Xin Jin, Andrew Gallagher, Liangliang Cao,

Jiebo Luo, and Jiawei Han. The wisdom of

social multimedia: using flickr for
prediction and forecast, International
conference on Multimedia (MM '10). ACM.
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Ngure 7: Keuteoy/Zoghy Foll va. Flkkr. Y-axis denotes the
pexcentage of popularity Sor candidate Fdwards.

)
Federal Emergency Management Agency
plans to engage the public more in
disaster response by sharing data and
leveraging reports from mobile phones
and social media

Gogobot: Travel Discovery Goes Social And

Visual "The service raised $4 million in funding (Google
CEO Eric Schmidt is one of the investors)...This is a $100
billion a year industry in the U.S. It’s something like $350

billion worldwide.”

o
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Applications

e Science

» Sociology, machine learning (machine as a teacher),
computer vision (annotation)

e Tourism - Leisure — Culture
o Off-the-beaten path POI extraction
» Marketing
 Brand monitoring, personalised ads
e Prediction
o Politics: election resulst
* News
» Topics, trends event detection
» Others
* Environment, emergency response, energy saving, etc

7
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Social Media Community

Detection




Folksonomy (Delicious) MetaGraph (Digg)

: u, gothamjazz.com, music . Raw web data

: u. gothamjozz.com, concert | (tag assignments)
: u, gothamjazz.com, jazz

u,, gothamjazz.com, music

: u;. allaboutjazz.com, jazz i

i u, allaboutjazz.com, trumpet

users

\\"*—\ Raw folksonomy
. RS S: post stoey
D: dgg story S
C:commenton S
story
R: reply to comment
trumpet commems

OF

stories
r r r r
'y ‘
gothamjazz.com allaboutjazz.com
_ topics
v
jazz Tag network J, ’ X,

@ @ @ concert J; X, keywords

trumpet
music
IRinl,I_p](., an(ﬁldbg)aﬁlltrq(’ IE Konuru, R._,t Sg_ndaram, H., ar;dt_ I
Mika, P. (2005) Ontologies Are Us: A Unified Model of Social Networks efliner, A. Vetarac. community discovery via relationa
and Sem(antics). Proce%dings of the 4th International Semantic Web hypergraph factorization. Proceedings of KDD '09, ACM, pp.
Conference (ISWC 2005), Springer Berlin / Heidelberg, pp. 522-536 527-536
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What is a community in a network?

Group of vertices that are more densely connected to each
other than to the rest of the network.

Multiple definitions to quantify
communities:

Fortunato S. (2010) Community detection in graphs. Physics Reports486: 75-174 . *{* > o - o

Global: N-cut, conductance, modularity
Local: Local modularity, (u,€)-cores
Ad hoc: Label propagation, dynamic synchronization

Related to clustering, but: (a) not necessary to know number
of communities, ?b) computationally more efficient

In Social Media, we focus on local definitions, because of the

properties of Social Media networks: efﬂaency scalability
and noise resilience.

>
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Challenges in Social Media network mining

No prior assumptions about structure:
Complex & evolving structure

No possibility for knowing structural features (e.g. number of
clusters on a graph) in advance > Unsupervised

Scale

Tens of millions of active users frequently contributing loads of
content links + metadata (tags, comments, ratings)
- Efficient - scalable

Quality
Spam is very common. Only a portion of user contributions is
worth further analysis. — Noise resilient

v
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Two-step process:

«1st step:
(4, €) — core detection

2"d step:
Local expansion

3" step:

Characterization of
remaining vertices as hubs
or outliers

ICT Innovations 2011 Skopje, Sep 16, 2011



~ Approach illustration (2/2)

e Structural similarity + Local
expansion

(highly efficient and scalable approach)

* Not necessary to know the number
of clusters

e Noise resilient

(not all nodes need to be part of a
community) . ROX
O
S R
* Generic approach adaptable to NO .
many applications B O3

(depending on node — edge
representation)

S. Papadopoulos, Y. Kompatsiaris, A. Vakali. “A Graph-based Clustering Scheme for Identifying Related Tags in Folksonomies”.
In Proceedings of DaWakK'10, Springer-Verlag, 65-76
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LYCOS iQ Tag Network

Computers:
A densely interconnected
community

~

(b) Science

History:
A star-shaped
community

(¢) Film (cd) Animals
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Hybrid photo Clustering

Visual similarity image graph

Visual similarity
computation Hybrid similarity lImage graph
Tag similarity Graph-based
computation image clustering

Tag similarity image graph

Image clusters

Labeled landmark
clusters

8 4 - -6 “
Cluster merging '
and labeling O

Landmark image clusters

Cluster
classification

o
-

Eventimage O
clusters ' ®) @]

.
Al
’
’,
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Geographic localization of results was also found to be very high.
Most clusters correspond to landmarks or events.

Park Biok NG ! :

N\ accae .
Sagrada Familia ,

e

“LANDMARKS

3 - W\ - |
- 5

]
‘ J ——— " . Arc de Trioed
9 Casa B:nlllvb@ \
f Swry : - e ~ 4
\ 7 <= o e ¢

Barcelona Cathpdral
Maca d’Espanys (La Seu)
(" :
’ -~

W

rd . 3
, -
. Parc de Moritjuic ’ /
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VISUAL

HYBRID
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cIusttour gr appllcatlon

PHOTOS & METADATA | .
q\ SPATIAL CLUSTERING + TEMPORAL ANALYSIS
-

tags:

taken:
lat: , lon:

|

" CLASSIFICATION TO LANDMARKS/EVENTS
#users / #iphotos

Uy EEEEEEEEEEEEEEDR IIIIIIIIIIIIIII.

COMMUNITY DETECTION

A/ VISUAL
— TAG

@ ﬁl N @R — HYBRD
.lI-.IIII . -‘I.IIIIIIIIIIIIIIIIIII‘

IIIIIIIIII..

'IIIIIIIIIIIIII‘
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Social Media “teacher” of the

machine




Problems:

: Object detection schemes require
Tagged Images region-detail annotations

I\_/Ianual annqtation is laborious and
time consuming

=
Eﬁ

sand, wave, rock,
skv
S

sand, sky person, sand,
wave, see

Social ,  Image
information  analysis

Region-detail annotated

SKY

[Chatzilari09]

SAND

__________________

ions: . Object | |
Solutions: . _ Machine  Detactors ¥
Exploit user tagged images from social sites L : - Deteclors | -

like flickr earning oo

Combine techniques operating on tag and
visual information space

o
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Tag frequency Check
‘ ! img?. sand w e rock sky  :
o A R
> o 2 S8
— - et * L img3 sand shy .

P '_.'_".":"’L__','-.,__. Tag based - 511 Imgd person, sand wanve, see

- — Proceasing — lmage

#\
P 2 . |

% s o ,-- - > | (h". l
' .:‘ . e Groupl ¥ L e

Users~ User Tags Web recources
Comuraniti es

Visual Feature
Segmneniation

person, sand, wave,
we

Positive Examgles

3
Q Clastering ——
- Machine | ';);,“——B_ ——
R » Model for Sand
- * &A@ & @ AN e — i
g >

TEXTURE & SHAPE

Extraction =



[G|annak|dou08] '

SEMSOC, vector space model where
each image is projected onto a space

defined by the most prominent tags

8
d
n
=3
=3

# appearances
3gsseyes

=3
7

cl ¢c2

cl c2 <3 c4 3
Objects

-
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Segmentation & Visual
Descriptors

« Segmentation

— K-means with connectivity constraint
(KMCC)

[Mezaris et al., 2004 ]

« Visual Descriptors

— MPEG-7 standard

« Dominant Color , Color Layout, Color Structure,
Scalable Color, Edge Histogram, Homogeneous
Texture, Region Shape.
[Bober et al., 2001], [Manjunath et al., 2001].

v
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Region-based Clustering & Cluster
Selection Region clustering

% Perform segmentation and visual feature extraction

450
*

, from all images in an image group (ldentified by
T@ °° ] SEMSOC)

5

0 I : . I3 . I3 . I3 :
[ 50 100 150 200 250 300 350 400 450 50

4l

%+ Perform clustering based on
visual features to gather
together regions depicting the
same object

0 c . c . e . . e .
0 50 100 150 200 250 300 350 400 450 500

“» Pick the most populated cluster as
the one representing the most
frequently appearing tag of the

group

w—

0 c r . r . r . r :
0 50 100 150 200 250 300 350 400 450 500 0 1 1
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(a) Sky

(b) Sea (¢) sand (d) Person

Setting:
« Visualise the way regions are distributed
among clusters

« Use shape-code (squares% to indicate the
regions of interest and color-code to indicate
a cluster’s rank (largest cluster: red)

« Ideally all squares should befpainted red and
all dots should be painted differently

Goal:

« Validate our theoretical claim that the most
populated cluster contains the majority of
regions depicting the object of interest

Conclusions:

« Ourclaim is valid in 5 (i.e., sky, sea, person,
vegetation, rock) and not valid in 2 (i.e.,
boat, sandS cases

ICT Innovations 2011
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Vegetation in magnification
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Observations:

Manual annotation vs automatic annotation d Pe rfO Frmance |Owe r th an
mmm vz | [manually trained

I Flickr 10000 |-
__riickr 3000 | |detectors

« |Consistent performance
improvement as the
|dataset size increases

100

F measure

Vegetation Sea Person
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Observations:

In 5 cases the objects were too
diversiform to be described by
the employed feature space (not
even the manual annotations
performed well)

In 5 cases the annotation we got
from Flickr groups were not
appropriate

In 6 cases, our method has failed
to select the appropriate cluster

In 5 cases our method worked
well

ICT Innovations 2011
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F-Meas

EX erimental Results -
RC vs Flickr groups
Target object: Tree

09

08

0.7

06

05

04

0.3

0.2

0.1

.
L
.
B

%\@@wée@é‘@‘é@
Good example: Semantic objects
are correctly assigned to clusters
and the most-populated cluster

corresponds to the target object)
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F-Measure

Experimental Results -
MSRC vs Flickr groups
Target Object: Sky

09

0.8

0.7

06

05

04

0.3

021

0.1

\\-\\
A A

Bad example: Sky regions are split in
many clusters and the most populated
cluster contains noise regions
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WeKnowlt and CI

http://www.weknowit.eu




use case:. emergency response

Media Intelligence
Personal Intelligence Photo arrives at ER control centre

>> Automatic localisation of photo

#| >>Login, Upload
- . >> Photo & speech auto-tagging
- d \
WGkﬂOWlt \-" >> Spam detection
>> Personalized Access
Dpent:
Lo N = Ta oo T ) Mass Intelligence
e <3 ‘ p.i
wenowit .y v/ >> Clustering
Search Log Entries 4
wace \, >> Enrichment from additional sources

00 e

Social Intelligence

B B >> ER Alert Service

>> Reputation Service

e

euch wth EDEH feod 199 - 0sly 3 o9 sanaget

sessmsmsems || Organisational Intelligence

@ Ecsluslild Polce satsebebees Hightingae Home' sctin
corden

ot

>> Log Merging & Viewing

>> |ncident Information Access
v
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use case: travel

Mass Intelligence

>> Landmark & Event detection
>> Ranked facet lists of POls

>> Hybrid Image Clustering

Media Intelligence

>> Image Localisation

>> Tag suggestions

Personal Intelligence

Social Intelligence

>> Group profiling & recommendations

>> Friends position, alert

>> Personal Recommendations

Travel Preparation

J‘”l'f: '

!
]s
i

Mobile Guidance

-~ “x

(=) @

[o= Barelene

r PP
B e -
r et ]
I o~
r

Wekiwme donvd

=3

v
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results: research

* User modeling & interaction (CURIO, attention streams)

* Maedia annotation
(photo/text localization, photo/speech auto-tagging)

* Media organization
(graph-based clustering, faceted search, event detection)

e Community analysis & management
(administration, browsing, reputation, notification)

* Knowledge representation & management
(Event Model F, dgFOAF)

>
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results: applications

http://www.weknowit.eu/tr
Integrated Prototypes

* ER (desktop & mobile)

e Travel (trip planning, mobile guidance, post-travel photo management)

Stand-alone applications

e WKI image recognizer

* VIRAL (visual search and automatic localization)

e  ClustTour (city exploration by use of photo clusters)
* Semaplorer++

*  STEVIE (mobile POl management)

7
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results: public APIs
http://mklab.iti.gr/wki-apps
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Conclusions and Issues

» Social media data mining provides interesting
results in many applications

* Not all data always available (e.g. User queries, fb)
» Real-time approaches
o Efficiency of semantics and analysis

e Real fusion of information

= not just sum of different analysis
= formal framework and approach
= representation

e Linking other sources (web, Linked Open Data)
» Applications and commercialization
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