


Angkor Wat

€

ﬂngépf;‘Wat -

— >

! i|'-.'.'.'..j

N1 R |




Apsaras of Angkor Wat
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127 facial landmarks
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Clustering of Aps
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Daia =xolosiorn

The digital universe was ~281 exabytes (281 billion
gigabytes) in 2007

By 2011, the digital universe will be 10 times the
size it was in 2006

Images and video, captured by over one billion
devices (camera phones), are the major source

To archive and effectively use this data, we need
tools for data visualization & categorization
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= ploratory Daia Analysis

« A collection of techniques to gain insight into data,
uncover underlying structure, generate
hypotheses, detect anomalies, and identify
Important measurements (Tukey, 1977)

* Does not require assumptions common in
confirmatory data analysis (hypothesis testing or
discriminant analysis)

« Graphical techniques, visualization, outlier
detection, multidimensional scaling, clustering



Clustering
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 Q-analysis, typology, grouping, clumping,
+ unsupervised learning

« Given a representation of n objects, find K
clusters based on the given measure of similarity
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Bisecting K-means (Karypis et al.); X-means (Pelleg and Moore); K-
means with constraints (Davidson); scalable K-means (Bradley et al.)
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User's Dilermnrnel

What features and normalization scheme to use?
How to define pair-wise similarity?

How many clusters?

Which clustering method?

How to choose algorithmic parameters?

Does the data have any clustering tendency?
Are the discovered clusters & partition valid?
How to visualize, interpret & evaluate clusters?
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Good Regresentailon
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Nurnoer of Clusiers
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Clus

Clustering algorithms find clusters, even if there are

ster Validity

no natural clusters in the data!
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Cluster stability (Lange et. al, 2004)




Comparing Clustering Meinods
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Grouping of Clustering Algoritnrns
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Adrnissiollity Criieria
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Each algorithm, implicitly or explicitly, imposes a structure
on the data; if the match is “good”, algorithm is successful
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Clustering Ensermole

Combine many “weak” partitions of a data to generate a
better partition (Strehl & Ghosh, 2002; Fred & Jain, 2002)

Pairwise co-occurrences from different K-Means partitions
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seml-supervised Clustering

Clustering with side information: modify the objective
function of a given algorithm or design a new algorithm to
utilize paiwise constraints
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B500siClusier
« Can we improve any generic clustering algorithm in
the presence of “constraints”?

 BoostCluster: an unsupervised boosting algorithm
to iteratively update the similarity matrix given the

constraints & clustering output
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