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Unsupervised learning

} Clustering : partitioning of data into groups of similar
datapoints

} Density estimation
Parametric& non-parametricdensityestimation

} Dimensionality reduction : datarepresentationusinga
smallernumber of dimensionswhile preserving(perhaps
approximatelylsomepropertiesof the data



Clustering: Definition

} We haveasetof unlabeleciatapoints{e } andwe intend

to find groups of similar objects (basedon the observed
features)

highintra-cluster similarity
low inter-cluster similarit A
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Clustering: Another Definition

} Densitybaseddefinition

Clusters are regionsof high densitythat are separatedfrom
one anotherby regionsof low density




Clustering Purpose

} Preprocessing stage to index,compressor reducethe data

} Representinghighdimensionaldata in a low-dimensionalspace
(e.g., for visualizatiormpurposes.

+ As atool to understand the hidden structure In dataor
to group them
To gaininsightinto the structure of the dataprior to classifiedesign
To groupthe datawhenno labelis available



Clustering Applications

} Informationretrieval (searchandbrowsing)
Clustertext docsor imagedasedon their content
Cluster groups of users basedon their accesspatterns on
webpages



Clustering of docs
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Clustering Applications

} Informationretrieval (searchandbrowsing)
Clustertext docsor imagedasedon their content
Cluster groups of users basedon their accesspatterns on
webpages
} Cluster users of social networks by Iinterest
(communitydetection)



Social Network: Community Detection
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Clustering Applications

} Informationretrieval (searchandbrowsing)
Clustertext docsor imagedasedon their content
Cluster groups of users basedon their accesspatterns on

webpages
} Cluster usersof socialnetworks by interest (community
detection)
1 Biloinformatics
cluster similar proteins together (similarity wrt chemical

structure and/orfunctionalityetc)
or clustersimilargenesaccordingo microarraydata
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Gene clustering

} Microarraysmeasureghe expressionof allgenes

} Clusteringgenescan help determine new functions for
unknowngenes e 2¢
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Clustering Applications

} Informationretrieval (searchandbrowsing)
Clustertext docsor imagedasedon their content
Cluster groupsof usersbasedon their accesgatternson webpages

} Cluster users of social networks by interest (community
detection)

1 Bloinformatics

Cluster similar proteins together (similarity wrt chemicalstructure
and/or functionality etc) or similar genesaccordingto microarray
data

} Market segmentation

Clusteringcustomersbasedon the their purchasehistory andtheir
characteristics

} Imagesegmentation T,
1 Manymore applications *
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Categorization of Clustering Algorithms

Hierarchical Partitional

Partitional algorithms: Constructvarious partitions and then evaluate
themby somecriterion

Hierarchical algorithms: Createa hierarchicaldecompositiorof the setof
objectsusingsomecriterion
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Clustering methods we will discuss

} Objectivebasedclustering
K-means

EMstyle algorithmfor clusteringfor mixture of Gaussiangin
the next lecture)

} Hierarchicalclustering
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Partitional Clustering

yn {e }

A 4

}od ”‘ ph' CI’B n,
| 'Q N Nonhierarchical, each instance is placed in
. : n //'exactly one of K noroverlapping clusters.
l'"q@@i i D (disjointpartitioningfor hard clustering)

Hard clustering: Each data can belong to one cluster only

} Sincethe output Is only one set of clustersthe user
hasto specifythe desirednumberof clustersk.
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Partitioning Algorithms: Basic Concept

1 Construct a partition of asetof U objectsinto a set
of U clusters
The numberof clustersv is givenin advance

Each object belongsto exactly one cluster in hard
clusteringmethods

+ K-meands the most popularpartitioningalgorithm
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Objective Based Clustering

1 Input :A setof U points,alsoadistance/dissimilaritneasure
+ Output :apartition of the data

1 k-median :find center pts "HAHMB FH to minimize
| ETQ eORL
I ETQe MmE
1 k-means:find center pts "HRHM HH to minimize
| ETQ eORL
I ETQ eORL
} k-center :find partition to minimizethe maximradius
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Distance Measure

} Let 0 and U be two objects from the universe of
possibleobjects The distance(dissimilarity)between U
andU isarealnumberdenotedbyQ 0 hD

1 Specifyinghe distanceQ ehesebetweenpairs ehee
Eg., # keywordsin common edit distance
ExampleEuclidearnlistancen the spaceof features
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K-means Clustering

1 Input: a set o{ Ji8 he( ) of data points (in a ‘Qdim feature
spacerandanintegeru

} Output :asetof 0 representativesishEfB R ¥ 5 asthe
clusterrepresentatives

datapoints are assignedo the clustersaccordingto their distancedo

ILRIL R RIL
B Mg

Eachdatais assignedo the clusterwhoserepresentativas nearestto it

} Objective :chooseqr B hyf, to minimize

[ ETO eORL
I ETQ eOR
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Euclidean k -means Clustering

1 Input: a set o{ Ji8 he( ) of data points (in a ‘Qdim feature
spacerandanintegeru

} Output :asetof 0 representativesishEfB R ¥ 5 asthe
Clusterrepresentatlves
datapomts are assignedo the clustersaccordingto their distancedo

s i

Eachdatals assignedo the clusterwhoserepresentativas nearestto it

} Objective :chooseqr B hyf, to minimize
FENO

eachpoint assigned to its closesluster representative
21



Euclidean k -means Clustering:
Computational Complexity

} To find the optimal partition, we need to exhaustively
enumerateall partitions
In how manywayscanwe assigriQlabelsto O observation8

1 NP hardevenfor Q corQ ¢

} Fork=1:1 EB |e¢) 4H
r
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1 ForQ p,dynamigprogrammingntimet 0 v .
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Common Heuristic in Practice: The Lloyd G
method

1 InputA setn of & datapointse 'F8 he( ) in 5

/

/}Initialize centers-”bh{ 8 F‘ﬂ: N9 Inanyway
} Repeat until there is no further changan the cost
[Foreach® N e nx EAHEOEA | AADOR D
[For each©q Y meanof membersof |

L

Holding centersiphiz (8 fyr fixed
Find optimal aSS|gnmer1'tshB b of data points to clusters

Holding cluster assignmenitsh8 i fixed
Find optimal centersehi: B hir
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K-means Algorithm (The Lloyd & method)

24

SelecfQrandompointsixhiz B Jrasclusterdinitial centroids.
Repeat unticonvergg®r other stopping criterion):

fori=1to N do:
Assigne to the closet cluster and thus-,contains all
data that are closer tdfthanto anyothercluster

forj=1to k do

AL
T WB. vio @

Assigndatabased on current centers

Re-estimatecenters based on current assignment




Assigning data to
clusters
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Intra -cluster similarity

1 k-meansoptimizesintra-clustersimilarity
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the average distance to members of the same cluster
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K-means: Convergence

} It alwaysconverges

} Why shouldthe K-meansalgorithmeverreacha statein which

clusteringdoesrid change
Reassignmenstage monotonically decreasesu since each vector is

27

assignedo the closestcentroid.

Centroid update stage also for each cluster minimizesthe sum of
squareddistancef the assignegbointsto the clusterfrom its centet
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[Bishop]



Local optimum

} It alwaysconverges

} but it may convergeat a local optimum that is different
from the globaloptimum

maybe arbitrarily worse in terms of the objectivescore

O OO0O0
O OO0O0
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Local optimum

} It alwaysconverges

} but it may convergeat a local optimum that is different
from the globaloptimum

maybe arbitrarily worse in terms of the objectivescore

o O
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Local optimum

} It alwaysconverges

} but it may convergeat a local optimum that is different
from the globaloptimum

maybe arbitrarily worse in terms of the objectivescore

Local optimum: every point is assigned to its nearest center and
every center is the mean value of its points.
30



Problem

Inimum

: Local Mi

K-means
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iginal Data

Or

The obtained Clustering

Optimal Clustering
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The Lloyd & method: Initialization

}Initializationis crucial (how fast it convergesguality of
clustering)
Randoncentersfrom the datapoints
Multipleruns andselectthe bestones
Initializewith the resultsof anothermethod
Selectgoodinitial centersusinga heuristic

Furthesttraversal
K-meanst+ (works well andhasprovableguarantees)
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Another Initialization Idea: Furthest Point
Heuristic

} Choosedk arbitrarily (or at random)

1 For'Q ch8 h
Selectdt amongdatapointse 8 he  that is farthestfrom
previouslychosert 8 At

33



Furthest Point

Another Initialization Idea

Heuristic

bt

1erS

IS sensitiveto outl
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K-means++ Initialization: D 2 sampling
[AVO7]

}
}

Combinerandominitializationandfurthest point initializationideas

Let the probability of selectionof the point be proportional to the
distancebetweenthis point andits nearestcenter

probabilityof selectingof e is proportionalto O (e) | Effe k|| .

Choosedt arbitrarily (or at random)

For’Q ch8 h
SelectF amongdatapointse 8 he  accordingo the distributior

0 G o OTE[et) 1]

Theorem : K-means++alwaysattainsant | | '@ approximationto
optimalk-meanssolutionin expectation
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How Many Clusters?

1 Number of clusters’Qis givenin advancen the k-meansalgorithm
However,findingthe arightdo numberof clustersis a part of the problem

} Tradeoffbetweenhavingbetter focuswithin eachcluster andhaving
too manyclusters

} Hold-out validation/crosssalidation on auxiliary task (e.g,
supervisedearningtask)

+  Optimizationproblent penalizenavingots of clusters

somecriteria canbe usedto automaticallyestimatek
Penalizéhe numberof bits you needto describethe extra parameter

Ued O i gs 1 10C
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How Many Clusters?

1000 ¢

J

500F

0

1 2 3 4

1 Heuristic Find large gap betweenQ p-meanscost and 'Q
meanscost

okneefinding) or celbow findingp.

37



K-means: Advantages and disadvantages

} Strength
It isa simplemethod

Relatively efficient U @ UQ , where 0 is the number of
iterations

Usuallyo L ¢.
K-meangypicallyconvergesjuickly

1 Weakness
Needto specifyK,the numbeof clustersjn advance
Often terminatesat a localoptimum
Not suitableto discoverclusterswith arbitrary shapes

Works for numericaldataWhat aboutcategoricatlata?
Noise andoutliers canbe considerabldrouble to K-means
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k-means Algorithm: Limitation

} In generalk-meansis unableto find clustersof arbitrary
shapessizesanddensities
Exceptto very distantclusters
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K-means: Vector Quantization

} DataCompression

Vector quantizationconstructa codebookusingk-means

cluster means as prototypes representing examples assignedto
clusters

T T T I T T S
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K-means

1 K-meanswasproposednear60 yearsago

thousandsof clusteringalgorithmshave been publishedsince
then

However,K-meangds still widelyused

+ Thisspeakdo the difficultyin designing generalpurpose
clustering algorithm and the ill-posed problem of
clustering

41 A.K.JianData Clusterings0 years beyond 4means201Q



Hierarchical Clustering

} Notion of aclustercan beambiguou?

} How many clusters?

+ HierarchicalClustering Clusterscontainsub-clustersand sub
clustersthemselvesanhavesubsub-clustersandso on

Severalevelsof detailsin clustering
1 A hierarchymightbe more natural

Different levelsof granularity _:'.;‘ _ e
. e 'l' »
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Categorization of Clustering Algorithms

| Hierarchical | | Partitional

| Divisive | |Agg|omerativie
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Hierarchical Clustering

+ Agglomerativegbottom up):
Startswith eachdatain a separatecluster

Repeatedlyjoins the closest pair of clusters,until there is only one
cluster(or other stoppingcriteria).

1 Divisive(top down):
Startswith the whole dataasa cluster

Repeatedhdividedatain one of the clustersuntil there is only one data
In eachcluster(or other stoppingcriteria).

4 4



Example

+ HierarchicaAgglomerativeClustering(HAC)

Height representhe
distance at which the
merge occurs
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Distances between Cluster Pairs

} Many variants to defining distances between pair of
clusters
Single-link
Minimumdistancebetweendifferentpairsof data
Complete -link
Maximumdistancebetweendifferentpairsof data
Centroid
Distancebetweencentroids(centersof gravity)
Average -link
Averagedistancebetweenpairsof elements

4 6



Distances between Cluster Pairs

47
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Single Linkage

+ The minimumof all pairwisedistancesbetween points in the
two clusters

Q@i(ihn) [ EIQQietwe

.Ni h. N I

+ ostraggly (longandthin) clustersdueto chainingeffect
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Single -Link
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Complete Linkage

+ The maximumof all pairwisedistancedetweenpoints in the
two clusters

Q@i (i h) | A @ QQielwae

.Ni h. N |

1 Makesdtighterp sphericaklusterstypicallypreferable
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Complete Link

i by e

keep max diameter as small as possible.
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Ward & method

} The distancesbetween centers of the two clusters
(weightedto considersizesof clusterstoo):

i (i) Q QU6

} Mergethe two clusterssuchthat the increasan k-means
costisassmallaspossible

+ Works well in practice
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Computational Complexity

+Inthe first iteration,all HAC methodscomputesimilarityof all
pairs of U0 individual instanceswhich is / 0 similarity
computation

1 In each 0 ¢ merging iterations, compute the distance
between the most recently created cluster and all other
existingclusters

} if donenaively/ (0 ) butif donemore cleverly/ (6 1 10Q
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Dendrogram : Hierarchical Clustering

+ Clustering obtained by cutting the dendrogramat a desired
level
Cut at apre-specifiedevelof similarity
wherethe gapbetweentwo successiveombinationsimilaritiess largest
selectthe cuttingpoint that producesK clusters

Whereto icuto thedendrogram
IS userdetermined

o 9»—
~N @
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K-means vs. Hierarchical

} Timecost
K-meangs usuallyfastwhile hierarchicaimethodsdo not scalewell

1 Humanintuition

Hierarchicalstructure mapsnicely onto humanintuition for some
domainsandprovidesmore naturaloutput

} Localminimumproblem
It is very commonfor k-means

However, hierarchicalmethods like any heuristic searchalgorithms
alsosufferfrom localoptimaproblem

Sincethey canneverundowhat wasdone previously
} Choosingof the numberof clusters

There is no needto specifythe number of clustersin advancefor
hierarchicaimethods
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