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Challenges and Opportunities from Large-Scale Social
Media

Growing practice of online media
sharing

Billion-scale magnitude

Bringing profound impacts to
“/ new applications and user
) é%bd‘l’uﬁa(ZS hrs uplo,au ; Scenarios

| - Web 1%)3‘ ideo vatc| :
: ng o S The technologies do not keep

pace with the growth

e.g., search, mining, visualization,
and other promising applications
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Rich Context Cues in Social Media — Flickr Example

Visual features

- color, texture
- visual word

Concept detectors
(tower, sky, building)

notes — object-level comments

| Pisa User- ided
— provide
~ 3 / tags

-

Time stamp
yy/mm/dd

Rich textual and visual cues, device metadata, and user interactions for

social and organizing purposes

Geo-locations, time, camera settings (e.g., shutter speed, focal length, flash, etc.)
User-provided tags, descriptions, notes, etc.

Comments, bookmarks ,favorites (subjective)
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Social Media Visualization

Select canonical views to represent a landmark [Kennedy et al., WWW’08]

Apply clustering algorithm (e.g. K-means) from tagged photos

Select one image from each cluster (assumed to be visually dissimilar)

Extremely time-consuming and NOT for online image search result clustering

Pair-wise similarity

Clustering algorithms

Tagged Photos

Discover Views

Clustering

Rank Clusters by "Representativeness"

Location Summary
(Representative Photos)

Discarded Views
(Non-representative Photos)
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Efficient Image search result clustering

Current Proposed
Feature Keyword-based Textual and visual-
based
Organi- N/A Graph-based
zation clustering
Display Image list Semantic Image

groups Canonical Images

Text-based similarity
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Image Pairwise Image Similarity with MapReduce

Goal — Speeding up image pairwise cosine similarity calculation by
MapReduce (Hadoop) over large-scale images, represented by large
VWs

Constructing similarity “hyperlinks” in image collections for
visualization and improving search quality; offline computation----- ¥ R :
: e

tf-idf cut is more powerful than df-cut when dealing with V\/}/s.u %
69+ times speed-up over 18 Hadoop nodes with similar | i R

———————————————

performance (MAP) (11K images with 10K VWSs) B ™
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Cloud computing

Leveraging MapReduce framework to scale up graph construction

Computing huge image graph on a 18-node Hadoop cluster

Single machine | Hadoop Platform

Flickr11k 1.6hrs 83 secs

Flickr550k unknown 42 mins
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Offline clustering

Clustering and canonical (representative) image selection by
Hadoop-based Affinity Propagation
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On-the-fly image search result clustering

Real-time image search result clustering by pulling from pre-
computed clusters

Canonical images

“Rome”’
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Demo!

0o Image Clustering by Mira, NTU | Grand Challenge of ACM MM 2009

| » l + f*hnrp'/,@epa!ufge.g:ru.gdujtrw/—nr\{lgf?QOVQ/ugphp’gggry:rfrrance@pan\:1700&alrgor=rarz C] (C,l,', C
(MO EE Acple(400)y Amazon eBay Yahoo! News (1156)r

© ).

original cluster number : 64 merged cluster number : 47

Image clusters for "france”. Go back to query page

1|

Canonical Images

Thumbnails and
Image viewer
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2009-10-16-demo.swf

Image Pairwise Image Similarity with MapReduce

Indexing phase: vector — inverted index (utilize sparse vectors)

(F1.(01.2) similarity = cos(f) = H:'”E”
1,(d1, :
d1 _’-_’ (F2,(d1,8))

(F1,[(d1,2),(d3.5)]) »-l

(F2,(d2,4)) (F1,[(d1,2),(d3,5)])

(F2,[(d1,8),(d2,4),
(d3,1)]) —)-1

(F2,[(d1,8),(d2,4),
(ds,1)])

(F1,(d3,5))
(F2,(ds,1))
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Image Pairwise Image Similarity with MapReduce

Calculation phase: inverted index — pairwise similarity

(Fl,[(dl,Z),(d3,5)]) ((dl,dZ),[BZ])

i

((d1,d3),10) ((d1,d2),32)

- ((d2,ds),[4])

((d1,d2),32)
((d1,d3),8)
((d2,d3),4)

‘ ((d1,ds),[10,8])

(F2,[(d1,8),(d2,4),
(ds,1)]) ((d1,ds),18)

((dz2,d3),4)
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Affi nity propag ation [Frey et al., Science, 07]

Data points can be exemplar (cluster center) or non-examplar (other
data points).

Message is passed between exemplar (centroid) and non-exemplar
data points.

The total number of clusters will be automatically found by the

algorlth m. A non-exemplar m—— exemplar
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Hadoop Implementation of Affinity Propagation
[Wang et al. ICHL 2008]

S: similarity s(i, k)
R: responsibility r(i, k) r(ik) < S(i,k)—l’}},gg{a(i:k')+S(i=k')}
A: Availability ai, k)

a(i,k) < min{O,r(k,k) + ZmaX{O, r(i' ,k)}}

i'zik

a(k,k) <« > max{0,r(i', k)]

i'zk

lteration
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Comparing with previous approaches

| ResponseTime | __Feature —

SRC-based[1] Fast Textural only
Online- Slow Visual only No
clustering|[2]
Our approach|[3] Faster Textural and Yes
Visual

[1] Feng Jing et al., IGroup: web image search results clustering, ACM MM 2006

[2] Reinier H. van Leuken et al., Visual diversification of image search results, WWW 2009

[3] Hsieh et al., Canonical Image Selection and Efficient Image Graph Construction for Large-
Scale Flickr Photos, ACM MM 2009
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Conclusions

The proposed system can organizing image search results in
semantic clusters at query time.

The efficiency is achieved with the help of offline-computed image
context graphs by distributed computing methods.
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