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Supervised vs.
Unsupervised Learning _

O Unsupervised learning (clustering)
B The class labels of training data are unknown
B Given a set of measurements, observations, etc. establish the
existence of clusters in the data
O Supervised learning (classification)

B Supervision: The training data (observations, measurements, etc.)
are accompanied by labels indicating the class of the observations

B New data is classified based on the training set

O Semi-supervised clustering

B Learning approaches that use user input (i.e. constraints or labeled
data)

B Clusters are defined so that user-constraints are satisfied
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Clustering
(Unsupervised Learning)




Clustering Data

O The clustering problem:

Given a set of objects, find groups of similar objects

O Cluster: a collection of data objects

B Similar to one another within the same cluster

m Dissimilar to the objects in other clusters

O What is similar?
Define appropriate metrics

O Applications in

B marketing, image processing, biology
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Clustering Methods

O K-Means and K-medoids algorithms

PAM, CLARA, CLARANS [Ng and Han, VLDB 1994]

O Hierarchical algorithms

CURE [Guha et al, SIGMOD 1998]
BIRCH [Zhang et al, SIGMOD 1996]
CHAMELEON [IEEE Computer, 1999]

O Density based algorithms

DENCLUE [Hinneburg, Keim, KDD 1998]
DBSCAN [Ester et al, KDD 96]

O Subspace Clustering

CLIQUE [Agrawal et al, SIGMOD 1998]

PROCLUS [Agrawal et al, SIGMOD 1999]

ORCLUS: [Aggarwal, and Yu, SIGMOD 2000]

DOC: [Procopiuc, Jones, Agarwal, and Murali, SIGMOD, 2002]
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Partitional Algorithms: Basic Concept

= Partitional method:

= Partition the data set into a set of k disjoint
clusters.

= Problem Definition:

= @Given an integer k, find a partitioning of k clusters
that optimizes the chosen partitioning criterion
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K-Means and K-Medoids algorithms

OMinimizes the sum of square distances of points to
cluster representative

EK = ZHXk - mc(xk)
k

2

OEfficient iterative algorithms (O(n))
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1. Ask user how many clusters
they'd like. (e.g. k=5)

2. Randomly guess K cluster
center locations

i

*based on slides by Padhraic Smyth UC, Irvine " 8.2 nA. 0.6 0.8 1.

Each data point finds out

which center it’s closest to.
(Thus each center “owns” a
set of data points)
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® Redefine each center
finding out the set of the
points it owns
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Problems with K-Means type algorithms

= Advantages
- Relatively efficient: O(tkn)

- where n is the number of objects, k
is the number of clusters, and t is
the number of iterations.

Normally, k, t << n.
- Often terminates at a local optimum.

= Problems N (?.\ m

salary
10000
o7l

[

B Clusters are approximately spherical

B Unable to handle noisy data and M\R . g s,
outliers T

®  High dimensionality may be a = i — i
200025 30 35 40 45 50 55 60 63 TO
problem age

B The value of k is an input parameter
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The K-Medoids Clustering Method iverside

O K-medoids approaches
B find representative objects, called medoids, in clusters
B are slower but more robust

Representative algorithms

= PAM [Kaufmann & Rousseeuw, 1987]

= CLARA [Kaufmann & Rousseeuw, 1990]
= CLARANS [Ng & Han, 1994]: Randomized sampling
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Hierarchical Clustering e

*Two basic approaches:
° merging smaller clusters into larger ones (agglomerative),
® splitting larger clusters (divisive)
® visualize both via “dendograms”
v'shows nesting structure
v'merges or splits = tree nodes

tepO  Stepl Step2 Step3  Stepd agglomerative

divisive

I I I I I
Step4  Step 3 Step2 Stepl Step0
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Hierarchical Clustering: Complexity Riversice

O Quadratic algorithms

O Running time can be
improved using sampling
[Guha et al, SIGMOD 1998]
[Kollios et al, ICDE 2001]

or using the triangle
inequality (when it holds)

15
1

10

*based on slides by Padhraic Smyth UC, Irvine
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Hierarchical Clustering Algorithms

O BIRCH (zhang, Ramakrishnan & Livny, SIGMOD’96)

B uses CF-tree and incrementally adjusts the quality of sub-
clusters

CF=(N, LinearSum, SquareSum)
O CURE (S. Guha, R.Rastogi, K. Shim. SIGMOD’98)

B s robust to outliers and identifies clusters of non-spherical
shapes.

O ROCK (S. Guha, R. Rastogi & K. Shim, ICDE’99):
B s a robust clustering algorithm for Boolean and categorical

data.
B introduces two new concepts, that is a point's neighbours
and links

O CHAMELEON (G. Karypis, E.H. Han, and V. Kumar, IEE Computer’99 )
B A two-phase algorithm
B Use a graph partitioning algorithm
B Use an agglomerative hierarchical clustering algorithm
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Density-based Algorithms Riversice

O Clusters are regions of
space which have a high
density of points

O Clusters can have arbitrary

shapes ol o ¢
X 4 .®
f
0 1 2 3 4 \ 6 7 8 9 10
Regions of
high density
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Density-based Clustering
Algorithms

Clustering based on density (local cluster criterion), such
as density-connected points

Major features:

v Discover clusters of arbitrary shape

v Handle noise

v Need density parameters as termination condition
v Work for low dimensional spaces
Representative algorithms:

v" DBSCAN: Ester, et al. (KDD'96)

v DENCLUE: Hinneburg & D. Keim (KDD’98)
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Speeding up the clustering algorithms:
Data Reduction

O Data Reduction:

B approximate the original dataset using a small
representation

B the representation must be stored in main memory

B summarization, compression

O The accuracy loss must be as small as possible.

O Use the approximation to run the clustering
algorithms

O Incremental, online algorithms
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Data Reduction: Random Sampling

O Random Sampling is used as a data reduction method

O Idea: Use a random sample of the dataset and run the

clustering algorithm over the sample
O Used extensively for clustering [Ng and Han 94, Guha et al 98]
O But:
B For datasets that contain clusters with different
densities, we may miss some sparse ones
B For datasets with noise we may include significant

amount of noise in our sample
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Biased Sampling

O In biased sampling, the probability that a point is

included in the sample depends on the local density

O We can oversample or undersample regions in our

datasets depending on the DM task at hand
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The Biased Sampling Technique

0O Basic idea:

B First compute an approximation of the density function
of the dataset

B Use the density function to define the probability for
including a point to the sample
[Palmer and Faloutsos, SIGMOD 2000]
[Kollios et al, ICDE 2001]
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Clustering High Dimensional Data Riverside

O Fundamental to all clustering techniques is the choice
of distance measure between data points;

q 2

[)()Q,Xj)=z()§k_xjk) Squared Euclidean distance

k=1

O Assumption: All features are equally important;
O Such approaches fail in high dimensional spaces
O Feature selection (Dy and Brodley, 2000)

Dimensionality Reduction
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Applying Dimensionality Reduction
Techniques

Dimensionality reduction techniques (such as
Singular Value Decomposition) can provide a solution
by reducing the dimensionality of the dataset:

’ el
&3
1 e2

e The new dimensions may be difficult to interpret

Drawbacks:

e They don’t improve the clustering in all cases
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Applying Dimensionality Reduction @ &= =

Wn..l
Techniques
13
12
ey el
o . . . J ’ \.ﬂ =

fl

Different dimensions may be relevant to different
clusters

In General: Clusters may exist in different subspaces,
comprised of different combinations of features

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006 25

Subspace clustering

O Subspace clustering addresses the problems that arise from high

dimensionality of data

B It finds clusters in subspaces: subsets of the attributes

O Density based techniques

B CLIQUE: Agrawal, Gehrke, Gunopulos, Raghavan
(SIGMOD98)

B poc: Procopiuc, Jones, Agarwal, and Murali, (SIGMOD, 2002)
O 1terative algorithms

B PROCLUS: Agrawal, Procopiuc, Wolf, Yu, Park (SIGMOD'99)

B ORCLUS: Aggarwal, and Yu (SIGMOD 2000).
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Subspace clustering

O Density based clusters:
find dense areas in subspaces

O Identifying the right sets of
attributes is hard

O Assuming a global threshold
allows bottom-up algorithms

O Constrained monotone search
in a lattice space

&8
B
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Locally Adaptive Clustering

Each cluster is characterized by different attribute weights
(Friedman and Meulman 2002, Domeniconi 2002)
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Locally Adaptive Clustering : Example

before local
transformations
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LAC

[C. Domeniconi et al SDM04]

UMIVERSITY of
CALIFORNIA

Riverside

¢ Computing the weights:

X raveragesquared distance along dimension i of points in
S; fromec,

X ZLZ(CJi_Xi)Z

‘Sj XeS;

g

|

Exponential weighting scheme

Result :

W, W, e, W, A weight vector for each cluster
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Convergence of LAC Riverside

The LAC algorithm converges to a local minimum of the
error function:

q
subject to the constraints ZW% =1 V]j

C=loo] W=l w]

EM-like convergence:

Hidden variables: assignments of points to centroids (Sj )
E-step: find the values of S; given ~ W;;,C;;

M-step: find Wii> Cji that minimize E(C,W) given current
estimates S i
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Bi-clustering

o Clustering for biological data (Cheng, Church, 2000)

O The concept of biclustering corresponds to
m a subset of genes and a subset of conditions

with a high similarity score.

O Similarity
m a measure of the coherence of the genes and conditions in the
bicluster.

O Projecting biclusters onto the dimension of genes or conditions, we
can see the result
m as clustering of either genes or conditions, into possibly
overlapping groups.
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Biological process z-score
DNA damage checkpoint 7.4
. R nucleocytoplasmic transport T4
B|o|og|ca| processes annotated meiotic r(jl'mn]]i;:irin{\ T,j
- asymmetric cytokinesis 7.
in one cluster generated by the purine base biosynthesis 74
. GMP biosynthesis 5.1
LAC algorlthm rRNA processing 5.1
glutamine metabolism 5.1
establishment and for 5.1
. maintenance of cell polarity
There exists a number of cell cycle gametogenesis 5.1
DNA replication 4.6
genes. The terms for cell cycle cell eycle arrest 44
central nervous system 4.4
regulation all score high. As with all development
purine nucleotide 4.1
cancers, BRCA1-BRCAZ2-related biosynthesis
WRNA splicing 11
tumors involve the loss of control cell cycle 35
negative regulation of cell 3.4
over cell growth and proliferation. proliferation
induction of apoptosis by 2.8
Thus, the presence of strong cell- intracollular signals
oncogenesis 2.6
cyc|e components in the c|ustering is G1/8 tr.‘m:;i]l.itm]of mitotic 2.5
cell eycle
expected_ protein kinase cascade 2.5
glycogen metabolism 2.3
Loploo o r o) ) BE!

Spectral Clustering (I)

O Algorithms that cluster points using eigenvectors of

matrices derived from the data

O Obtain data representation in the low-dimensional space

that can be easily clustered

O Variety of methods that use the eigenvectors differently

[Ng, Jordan, Weiss. NIPS 2001]
[Belkin, Niyogi, NIPS 2001]
[Dhillon, KDD 2001]

[Bach, Jordan NIPS 2003]

[Kamvar, Klein, Manning. IJCAI 2003]

[Jin, Ding, Kang, NIPS 2005]
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Spectral Clustering (II) Rierside

[0 Empirically very successful

O Authors propose different appraches:
B Which eigenvectors to use

B How to derive clusters from these
eigenvectors

O Two general methods
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Spectral Clustering methods

O Method #1
B Partition using only one eigenvector at a time
B Use procedure recursively

O Example: Image Segmentation

O Method #2
m Use k eigenvectors (k chosen by user)
B Directly compute k-way partitioning
B Experimentally it has been seen to be “better”
([Ng, Jordan, Weiss. NIPS 2001][Bach, Jordan, NIPS '03]).
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Kernel-based k-means clustering EEEE
(Dhillon et al., 2004)

O Data not linearly separable

O Transform data to high-dimensional space using kernel
m @ a function that maps X to a high dimensional space

O Use the kernel trick to evaluate the dot products

O cluster kernel similarity matrix using weighted kernel K-
Means.
O The goal is to minimize the following objective function:

W)= T el )-mf

c=1 xjer,

ineﬁc ai(”(xi )
ZX-eﬂ' ai

where m_ =
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Fuzzy Clustering

® Crisp clustering, meaning that a data point either belongs to a
class or not.

® Fuzzy Clustering a data point may belong to more than one
clusters with different degrees of belief
Representative fuzzy clustering algorithm: Fuzzy C-Means(FCM).

[Bezdeck et. al Computers and Geoscience, 1984]

FCM objective function:
C n
Jn(U,V) = ZZU{E d* (X, v;)
i=1 k=1
m > 1 = clusters > crisp
m - « = clusters > fuzzy, U, >1/c
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Semi-supervised learning

Introduction =

O Clustering is applicable in many real life scenarios

m there is typically a large amount of unlabeled data
available.

O The use of user input is critical for

B the success of the clustering process
B the evaluation of the clustering accuracy.

O User input is given as
B Labeled data
m  Constraints

Learning approaches that use
labeled data/constraints + unlabeled data
have recently attracted the interest of researchers
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Motivating semi-supervised learning (I) Aiversiee

O

Data are correlated. To recognize clusters, a distance
function should reflect such correlations.

Different attributes may have different degree of
relevance depending on the application / user requirements

A clustering algorithm does not provide the criterion to be
used.

Semi-supervised algorithms: Define clusters taking into

account

e labeled data or constraints

if we have “labels” we will convert them to “constraints”
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Motivating semi-supervised learning (II)

The notion of good clustering is strictly related to the
application domain and the users perspectives.
Traditional clustering methods fail leading to meaningless
results in the case of high-dimensional data

?

lack of clustering tendency in a part of the defined

subspaces or

the irrelevance of some data dimensions (i.e. attributes)

to the application aspects and user requirements
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a user may want the
points in B and C to
belong to the same
cluster

A B 2 Cluster 1
K ¢ iy
0 5 10 15 20 25 30 -2 5 0 5 20 25 20
(a) (b)
12
10 ’ - The right clustering may depend
Cluster 2 on the user’s perspective.
8|
. -> Fully automatic techniques are
very limited in addressing this
4 problem
2
0 . Cluster 1 ’
-2
0 5 10 15 20 25 30
(©)
. . LL.ré'..‘.”;
Clustering under constraints e

O Use constraints to

B |earn a distortion/distance function

O Points surrounding a pair of must-

link/cannot-link points should be close to/far

from each other

B guide the algorithm to a useful solution

O Two points should be in the same/different clusters

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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Semi-supervised learning framework

Data set
Original space

Learn the space :
where the best
partitioning
according to the
user constraints
can be defined

-05 -40

Constraints Semi-supervised
learning Framework

Cluster 1

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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Defining the constraints

O A set of points X = {xy, ..., X,+ on which sets of must-link(S)

and cannot-link constraints(D) have been defined.

O Must-link constraints

B S: {(x, X;) in X }: x; and x; should belong to the same
cluster

O Cannot-link constraints

®  D: {(x; X;) in X} : x; and x; cannot belong to the same
cluster

O Conditional constraints
B J-constraint and e-constraint

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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Clustering with constraints: B
Feasibility issues

0O Constraints provide information that should be satisfied.
O Options for constraint-based clustering
m Satisfy all constraints
O Not always possible: A with B, B with C, C not with A.

O Any combination of constraints involving cannot-link constraints

is generally computationally intractable (Davidson & Ravi, ISMB

2000),

m Satisfy as many constraints as possible
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Feasibility under Must-link(ML) and
Cannot-link(CL) constraints

o ° ° o ° °
X, X, X, Xy Xs X

Form the clusters implied by the ML={CC, ... CC.}

constraints = Transitive closure of the ML constraints

ML(x1,x3),

ML(x2,x3),
] ® ® ] ® ® ML(x2,x4),
Xl X2 X3 X4 X5 X CL(XII x4)

Infeasible: iff 3h, k : e,(x;, x;) i x;, x;e CC,

*S. Basu, |. Davidson, tutorial ICDM 2005
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Feasibility under ML and ¢ e

g-constraint: Any node x should have an g-neighbor in its
cluster (another node y such that D(x,y)< €)

S’={x € S5 : x does not have an ¢ neighbor}={s;, s¢}
Each of these should be in their own cluster

o o o o o o

X4 X5 X3 X4 Xs Xg

ML(x4,X;),
ML(x3,X,),

Compute the Transitive Closure on ML={CC, ... ML(XarX5)

CC.} : O(n+m)

o o o o o o

Xy X X3 X4 Xsg Xg

Infeasible: iff 3/, j : x;,e CC, x; € S7

*S. Basu, 1. Davidson,turorial ICDM 2005
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Clustering based on constraints e

O Algorithm specific approaches
® Incorporate constraints into the clustering algorithm
O COP K-Means (wagstaff et al, 2001)
O Hierarchical clustering (1. pavidson, S. Ravi, 2005)
B Incorporate metric learning into the algorithm
O MPCK-Means (Bilenko et al 2004)
O HMRF K-Means (Basu et al 2004)

O Learning a distance metric (Xing et al. ‘02)

O Kernel-based constrained clustering (Kulis et al.’05)
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COP K-Means (I) i
[Wagstaff et al, 2001] Bivesside

O Semi-supervised variants of K-Means
O Constraints: Initial background knowledge

O Must-link & Cannot-link constraints are

used in the clustering process

B Generate a partition that satisfies all the given
constraints

K. Wagstaff, C. Cardie, S. Rogers, and S. Schroedl. Constrained k-means clustering with background
knowledge. In ICML, pages 577-584, 2001.
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COP K-Means (II) B

The algorithm takes in K-Means 7 \\
a data set (D) Clustering / \
based on / \

constraints \ '

\ ]
\ //
ea set of must-link \\\ O Q/
constraints (Con_) ’

ea set of cannot-link T\‘ -

constraints (Con.,).

Clustering satisfying
user constraints
O When updating cluster assignments,
m we ensure that none of the specified constraints are violated.

O Assign each point d; to its closest cluster C;. This will succeed unless a
constraint would be violated.

m If there is another point d_ that must be assigned to the same cluster as d, but that
is already in some other cluster, or

m there is another point d, that cannot be grouped with d but is already in C, then d
cannot be placed in C.

O Constraints are never broken; if a legal cluster cannot be found for d, the
empty partition (f,) is returned.
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COP K-Means Algorithm =
[Wagstaff et al]

cop-KMEANS(data set D, must-link constraints Con_
D x D, cannot-link constraints Conz © D) = D)

1. Let ' ...C% be the imitial cluster centers.

2. For each point d: in D, assign it to the closest cluster
'y such that VIOLATE-CONSTRAINTS(d:, Oy, Con=.
Conz) is false. If no such cluster exists, tail

(return {}).

3. For each cluster ', update its center by averaging all
of the points d; that have been assigned to it.

4. Tterate between (2) and (3) until convergence.

5. Return {Cy ... Ck}.

VIOLATE-CONSTRAINTS(data point d, cluster ', must-
link constraints Con= C D = [, cannot-link constraints
Conx C D x D)

1. For each (d,d=) € Con=: If d= & C', return true.
2. For each (d,dz) € Cong: If de £ O, return true.

3. Otherwise, return false.
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Hierarchical Clustering based on constraints
[I. Davidson, S. Ravi, 2005]

UMIVERSITY of
CALIFORNIA

Riverside

Instance: A set S of nodes, the (symmetric)
distance d(x,y)=0 for each pair of nodes x and y
and a collection C of constraints

O Question: Can we create a dendrogram for S so that all
the constraints in C are satisfied?

Davidson I. and Ravi, S. S. “Hierarchical Clustering with Constraints: Theory and Practice”, In PKDD 2005
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Constraints and Irreducible Clusterings Riverside:
O A feasible clustering C={C,, C,, ..., C, } of a set S is irreducible if
no pair of clusters in C can be merged to obtain a feasible clustering
with k-1 clusters.
If mergers are not
done correctly, the
dendrogram may stop
O X={Xy, Xy ery X }r prematurely
Y={y1l yzl weny yk}l <
2={z,, Z;, .../ 2}, O Feasible clustering with 2k clusters:
W={w1’ w2l ey {Xll Y1}l {XZI YZ}I ey {Xkl Yk}l {211
w, } Wik {ZWoks o {2 W
O CL-constraints But then get stuck
m VX, X;}, i# O Alternative is:
n V{WII WJ}I I#.] {X1l Wi, Yir Yor Yk}l {XZI Wy, 24, Zy; vy Zk}l
[ ] v{y” ZJ}’ isj, J Sk {X3l W3}l ey {Xkl Wk}
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Using constraints for
hierarchical clustering

UMIVERSITY of
CALIFORNIA

Riverside

Constrainaddgglomerative(5,ML,CL) returns Dendrograms, i = Emin .. kmax

Notes: In Step 5 below, the term “mergeable clusters™ is used to denote a pair of clusters whose
merger does not viclate any of the given CL constraints. The value of £ at the end of the loop in
Step 3 gives the value of nin.

1. Comstruct the transitive closure of the ML constraints (see [4] for an alzorithm) resulting in
r connected components My, M, ... M.
. If two points {z,y} are both a CL and ML constraint then output “No Solution” and stop.
CLetS =5- ':U;'-=1 M;). Let ke = 74 [S1]-
. Construct an initial feasible clustering with k., clusters consisting of the r clusters M,
.+, My and a singleton cluster for each point in 51. Set { = Fmax.
5. while (there exists a pair of mergeable clusters) do
(a) Select a pair of clusters Cy and Cn, according to the specified distance criterion.
(b) Merge O into Cl, and remove C). (The result is Dendrogram—1.)
©t=1t-1
endwhile

E S S

Fig. 1. Agglomerative Clustering with ML and CL Constraints
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MPCK-Means

[Bilenko et al 2004]

O Incorporate metric learning directly into the
clustering algorithm

B Unlabeled data influence the metric learning process

O Objective function

B Sum of total square distances between the points and
cluster centroids

m Cost of violating the pair-wise constraints

M. Bilenko, S. Basu, R. Mooney. “Integrating Constraints and Metric Learning in Semi-supervised clustering. In
Proceedings of the 21st ICML Conference, July 2004.
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Unifying constraints and Metric learning&&

Generalized K-means

/ distortion function

‘]mpckm = Z):(Hxi _zuli H2 _Iog(dEt(A) +
Kie A

ZWU [li ilj] ZV_V” [Ii :Ij]

+
(% X; )eM (%X Je
Vlolahon must-link Violaﬁor&mcf-link
constraints constraints
Penalty
functions
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—MPCK-Means approach

Initialization:

B Use neighborhoods derived from constraints to initialize
clusters

Repeat until convergence:
1. E-step:
B Assign each point x to a cluster to minimize

O distance of x from the cluster centroid + constraint
violations

2. M-step:
B Estimate cluster centroids C as means of each cluster

B Re-estimate parameters A (dimension weights) of D, to
minimize constraint violations
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Probabilistic framework for Semi-
Supervised Clustering [Basu et al 2004]

O Hidden Markov Random Fields: Unified
probabilistic model that
B incorporate pairwise constraints along

with an underlying distortion measure
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Bayesian Approach: HMRF oy

Observed data
P(X/L): Conditional
probability of the
observation set for a given
configuration

P(L): Probability
distribution of hidden
variables

Hidden RVs 9

O Goal of constrained

of cluster 1 . ..
labels: L I =+ clustering: maximize
o I \ | P(L,X) on HMRF
) @'6

O P(L,X) = P(L)-P(X|L)
Hidden MRF

S. Basu, M. Bilenko, R. Mooney. “A Probabilistic Framework for Semi-Supervised Clustering”. in Proceedings
of the 22th KDD Conference, August 2004«
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Constrained Clustering on HMRF

[Basu et al 2004] EIEes
C traint
PH(L) =L expl -3, 3 Vi i) || pocendars
Zl overall label
constant
1 «—| Clust
Pr(X|L)= Z_EXp[_Z D(X;.4,)] distortion
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, N B
[ eme |—0u
L Probablity [ pr( | X )= Pr( X |L)-Pr(L)
| Overall
objective of
constrained
clustering

—log Pr(L,X )= 2. D06 )+ 2D V(i)

e X~ | oo, R TIEEEEEEEEEE Rt
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MRF potential —

O Generalized Potts potential:

Cost of violating
must/cannot link
constraint

WD, (x,X;) if 1 #1;,(x;,x;) e ML
N
V(i ) = WyD e ~Da(xox))] if 1 =1,,(x,,x,) € CL
0 otherwise
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HMRF-KMeans: Objective Function

Must Link
K-Means violation:
distortion constraint-based

J vre :{ Zsigs Da(Xi, )‘

Cannot Link

violation: Penalty
constraint- function:
based distance-based
-log P(X]L)
-log P(L)
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HMRF-KMeans: Algorithm Riverside

Initialization:

B Use neighborhoods derived from constraints to
initialize clusters

Till convergence:
1. Point assighment:

B Assign each point s to cluster h* to minimize both
distance and constraint violations

2. Mean re-estimation:
B Estimate cluster centroids C as means of each cluster

B Re-estimate parameters A of D, to minimize
constraint violations
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HMRF-KMeans: Convergence

Theorem:
HMRF-KMeans converges to a local minimum of

J HMRF

Distortion measures

O Bregman divergences D (e.g., KL divergence,
squared Euclidean distance) or

[0 Directional distances (e.g., Pearson’s distance,
cosine distance)
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Learning a distance metric based on ==
user constraints T

O In semi-supervised clustering the requirement is :
B learn the distance measure to satisfy user

constraints.

O Learning a distance measure - different weights are
assigned to different dimensions

B Map data to a new space where user constraints are
satisfied
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Distance Learning as Convex Optimization
[Xing et al. '02]

O Goal: Learn a distance metric between the points in X
that satisfies the given constraints

O The problem reduces to the following optimization

problem :
. 2
min, Yl -x;
(xj,xj)eML
given that
> lxi=x], =1 A>0
JiA
(x,x;)eCL

E. P. Xing, A. Y. Ng, M. 1. Jordan, and S. Russell. Distance metric learning, with application to clustering with side-
information. In NIPS, December 2002.
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Learning Mahalanobis distance

Mahalanobis distance

Euclidean distance parameterized by matrix A

Ix=yl=(x-y) A(x-y)

Typically A is the covariance matrix, but we can also

learn it given constraints

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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/
L * [ ] /
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.
)
Y ) ® . » //Space
REIATTEE SLbrY L /. Transformed by
o e /! Learned Function
e o . /
° [ ] ’.. R [ ] ° ]
% ¢ ° o0 o
°o o o
° > o ¢ o o ° e o °
.
. b ¢« L, ®

inadfaas  Cannot-link

Must-link
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The Diagonal A Case Riverside

O Considering the case of learning a diagonal A

O we can solve the original optimization problem using
Newton-Raphson to efficiently optimize the following

2W= Flx x| —log Xlx—x,

(xj,xj)eML (x4,xj)eCL

Use Newton Raphson Technique:

X" = x-9g(x)/g'(x)
g(A)=A-g(A).J*(A)
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Full A Case: Alternative Formulation —

O Equivalent optimization problem

mfxg(A) = Z” X - X; I

(si,sj)eCL
2 .
st. f(A)= DIx;=x;[R<1l : C
(si,sj)eML
A>0 . C,
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Optimization Algorithm - Full A Case

O Solve optimization problem using combination of
B gradient ascent: to optimize the objective
B iterated projection algorithm: to satisfy the constraints

Minimizing a quadratic
objective subject to single
linear constraint > O(n2)

Space of all positive
semi definite matrices

\ ,
Iterate
Iterate | Project A
A:=argming {||A" - A||p: A" € C} }7 into sets
A = argming {||4A" — Al||p: A" € C C,and G,

until A converges

A=A4a(Vag(d)iv,j.— 1| Gradient
. step
until convergence
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Kernel based Semi-supervised clustering e

[Kulis et al.’05]

A non-linear transformation, ¢
e maps data to a high dimensional space
¢ the data are expected to be more separable
¢ a kernel function k (x, y) computes @(x)-¢(y)

The user gives constraints

The appropriate kernel is created
based on constraints

- DLWt DLW,

c=Il x;em, x;,x;€eML x;,x;eCL 0.6
L= =l
J 0.4}
Reward for 02l
constraint
satisfaction 5 . . : ;
[+] 02 04 06 o8
M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006 74
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Semi-Supervised Kernel-KMeans T

[Kulis et al.’05]

O Algorithm:

B Constructs the appropriate kernel matrix from data and
constraints

B Runs weighted kernel K-Means
O Input of the algorithm: Kernel matrix
m  Kernel function on vector data or

B Graph affinity matrix

O Benefits:
B  HMRF-KMeans and Spectral Clustering are special cases
B Fast algorithm for constrained graph-based clustering

B  Kernels allow constrained clustering with non-linear cluster
boundaries
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Kernel for HMRF-KMeans with squared
Euclidean distance

Center of Points in
cluster ¢ cluster /;
k W.. W..
_ 2 1) 1]
‘JHMRF_ZZ”Xi_mc” - Z X X
c=1 x;eX, (si Sj )eMLl l; | (si Sj )eCLl l; |
s.t.hi=l; s.tli=l;
Input
similarity Constraint
matrix similarity
matrix

(92
Il

i =X X, input similarity matrix,
where _+Wij if(Xi,Xj)e ML

U —wyif (x,x;)eCL
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Graph-based constrained clustering Riverside

O Constrained graph clustering:
B  minimize cut in input graph while
maximally respecting a given set

of constraints

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006 71

Kernel for Constrained Normalized-Cut
Objective

Vertices of Set of
c partition vertices
J _ Zk: linkS(\/C,V \VC) _ Z Wij n Z Wij
NormCut —
c=1 deg(Vc) (si,8j)eML deg(\/li ) (s.sj)eCL deg(vli )
s.tli=l; s.t.li=l;

K=D'AD+D 'WD,
A;; = graph affinity (i, j),

D = diagonal degree matrix
+w, if (x;,x;) e ML
i —-w; if (x;,x;) e CL

where
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Semi-supervised clustering with = == =
metric Iearning

O Metric weights are trained to

H minimize the distance between must-linked instances
and maximize cannot-linked instances

O Limitation:

B Assume a single metric for all clusters

® preventing clusters from having different shapes
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Semi-supervised clustering using
local weights

O Solution:
B Allow a separate weight matrix, Ay, for each cluster h

B Cluster h is generated by a Gaussian with covariance
matrix A,

O Generalized version of K-Means using different weights
per cluster:

J mkmeans — ZU

x;eX

Xj — Wy, Hili - log(det(Ali ))j
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Integrating Constraints and
Metric Learning

K-Means Must Link violation:
distortion constraint-based

=%, -l toskoeda, )]s fuo o L %1

J MPCKM

Cannot Link
violation: Zwij DA( X ’Xi ) Penalty
constraint- (X'ixj|)EML function:
based sthizl; i -
-Iog distance-based
P(X]|L
(XIL) e
P(L)
fﬂ(xf:x;l_) = ||x;5 - ){:1 ”igl. - “X‘f - x}'”igi

1 1
Far (x4, 35) = g [es — A, + gl = lelfaej

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006

81

MPCK-Means with local weights

Algorithm: MPCE-Means
Input: Set of data points X' = {x.-}-,’-":l.
set of must-link constraints M = {(x;.35)}.
set of connot-link constraints ¢ = {{xi, x5},
number of elusters K, sets of constraint costs W and TV
Output: Disjoint K-partitioning {X)‘},‘Fr=1 of A" such that
objective function Jmpckm is (locally) minimized.
Method:
1. Initialize clusters:
1a. create the A neighborhoods {;’\"P};,Ll from M and C
1b. ifAZ K
initialize {Fr;\o‘. }fﬂ using weighted farthest-first traversal
starting from the largest Ny
else if A < K .
initinlize {u} }{_, with centroids of {Np}2_,
initialize remaining clusters at random
2. Repeat until convergence
2a. assign.cluster: Assign each data point x: to cluster h*
(Le. set XL, for h* = n:g:n‘mﬂ x - pft 3, — log(det(As))

+ er‘ xa)eM g Fae (3% )[R # 1]
gy oo Wi F2 0, x5) R = 1])
2b. estinate means: {pr_l\'}i;] — im'lﬂﬁzxex.f'“’xh‘};l
2e. updatemetrics: Ap = |Xn|| 3. oy (36— pp)ixe — )
+ Zesesle M Lo — x5 —x) L # 15]
+Z[x.x_,:€£>, Ty ((ach, — xff) (e, — )7 -
~(5 = x3) s — ) 1l = 1]

2 te— (t+1)
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Cluster validity criteria and

Semi-sugervised Iearning

O Objective validity criteria : evaluate the validity of

clustering results using structural/statistical properties of the

data (i.e. density distribution, variance).

O Structural/statistical properties do not guarantee the
interestingness and usefulness of clustering results for the
user

O Approaches that take into account users’ capability to tune
the clustering process are needed

m Subjective validity criteria.

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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Objectives of the approach using cluster
validity criteria

O Two challenges:

m Learning an appropriate distance metric to
satisfy the constraints

m Determining the best clustering w.r.t the

defined distance metric.

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006
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An iterative semi-
supervised learning
Define dimension weights, W, a pproach

Original data based on constraints [Halkidi et.al, ICDM 2005]

lJ

Optimize weights based on
> user constraints and validity
criteria (Hill climbing)
User constraints

Cluster data in the
new space

Present '
resultsto

user
‘_I
¥

User S\ﬁ;\ : :
constraints \ / ) L Final clustering

§

;xl

e~

Initializing dimension weights based on
user constraints

O Learn the distance measure to satisfy user constraints

(must-link and cannot-link).

O Different weights are assigned to different dimensions

O Learn a diagonal matrix A using Newton-Raphson to
efficiently optimize the following equation [Xing et al, 2002]

g = Y lxi-x -tog Yl -xi,

(xj,x;)eS (xi,xj)eD
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Best weighting of data dimensions =]

O W: set of different weightings defined for a set of d data

dimensions.
O W; e W best weighting for a given dataset
B if the clustering of data in the d—dimensional space defined
by
optimizes the quality measure:
roconstr(cj) = optimi=1,...,m{Q°Cconstr(ci)}

given that C, is the clustering for the W; weighting vector.
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Defining dimension weights

O Clustering quality criterion (measure) : evaluates a
clustering, C;, of a dataset in terms of
B its accuracy w.r.t. the user constraints (ML & CL)
B its validity based on well-defined cluster validity criteria.

QoC,_,...+(C)) = w-Accuracy, ;- (C) + ClusterValidity(C))

significance of the
user constraints N
w.r.t. the cluster % o:lc:nzt'r algts Ci’s cluster
validity criteria satistiedin &, validity.
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Hill climbing procedure: s
Defining dimension weights

O Initialize dimension weights to satisfy ML and CL,
w,, ={W;li=1,...,d}

O cl_,, € clustering of data in space defined by W_,,,.

cu

O For each dimension i
1. Updated W_,, € Increase or decrease the i-th
dimension of W,
2. Cl_,, € Cluster data in new space defined by W_,,.

3. Quality(W_,,) € QoC_,....(Cl...)
m If there is improvement to Quality(W_,, ) Go to step
1

O Wyt € weighting resulting in *best’ clustering (correspond to
maximum QoC_,«(Cl,))
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Cluster Validity criteria

O S_Dbw —>validity of clustering results in terms of

objective criteria

ClusterValidity(C)) = (1+S_Dhw(C))™"

Our approach aims to optimize the following form:
QoC,,,:(C;) = w-AccuracyS&D(C,)+ (1+S_Dbw(C))™)

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006 90
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Dimensionality Reduction
for Clustering
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Current Data Set Features

Large volume / high dimensionality
Heterogeneity

Dynamics

m  Motion

m availability?

m  Frequent changes

Huge query loads

Examples: Web, P2P systems
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Requirements

O Managing data
B On the absence of
O Full knowledge about the data
O Central coordinating authority

B Limited resources for query processing

(i.e. messages over the net)

B Importance ranked answer list
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Dimensionality Reduction - s
Objectives

O Let a multidimensional data set
X =(x1,...,xn), xi €Rd,

O Aim: find a “credible” mapping of the n vectors to Rk,
k<<d

O Credible:
B Maintain: variation / distances

O In a lower dimensional space clustering-structure is
maintained and “amplified”

O similarity queries are much faster
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O What is dimensionality reduction?

B A methodology that attempts to project a set of high dimensional vectors
to a lower dimensionality space while retaining metrics among them.

O Why is it necessary?

B Curse of dimensionality (exponentially increasing data to represent
adequately a pattern)

B Empty space phenomenon (longest/shortest distances converge).
m  Clustering becomes infeasible
m In distributed environments: Transmitted data.

O Why is it feasible ?
B Some coordinates do not contribute to the data representation.
B Subsets of the dimensions may be highly correlated.

O When is it applied?
B When the cost of dim. reduction application is worth the expected benefit.
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Dimensionality reduction - —
fundamentals...

O Dimensionality Reduction Methodology
® N vectors in R™,
®  Projection space is Rk.
B Must find a transformation Wy, such that : Xuo= Wgn — |

O Linear dimensionality reduction algorithms
m  All data lay in a globally linear space. [1]

O Non linear dimensionality reduction algorithms
m  All data lay in a locally linear subspace. [1]

O Multidimensional Scaling (MDS)

m  All data are randomly projected to a lower dimensionality space.

B Minimization of the stress criterion through the iterative application of
numerical analysis methods
O  Stress = X(f(dy)-d;;)¥/Z f(d;)?
O Algorithmic Complexity O(N3)

B Result: A new representation of data in a lower dimensionality space
characterized by the fact that distances among them are well preserved.

[1] “A Survey of Dimension Reduction Techniques”, I.K. Fodor, US Department Of Energy, 2002
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Dim. Reduction - Algorithms I

O Singular Value Decomposition
B A technique for matrix decomposition.
B Transforms a single matrix in a product of three matrixes
A(mxn)=U(mxm) (mxn) VY (nxn)
B Latent Semantic Indexing (LSI)
O SVD on matrix A.
O Seeks for the latent structure of data

O Eigenvalue decomposition
B Specialization of SVD
B Principal Components Analysis (PCA)
O Eigenvalue decomposition application on the data covariance matrix.

O Landmark Multi-Dimensional Scaling (LMDS) [1]
B An alternative to classic MDS for large datasets.
B Random choice of a set of initial points.
B Projection of the aforementioned points with classic MDS
B Projection of the rest of the points with the use of triangulation technlques
O IsoMap & C-IsoMap [2]
B Used in special cases where Euclidean metric does not apply

[1] “Sparse Multidimensional Scaling Using landmark points”, Vin de Silva, Joshua B. Tenenbaum, 2004
[2] “Global versus local methods in nonlinear dimensionality reduction”, Vin de Silva, Joshua B. Tenenbaum, NIPS 2003
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Dim. Reduction-Eigenvectors Aierside

A nxn table
O eigenvalues A: |A-AI|=0
O Eigenvectors x : AXx=Ax

O Table order: number of linearly independent rows or
columns

O A real symmetric table A nxn can be expressed as:
A=UAUT

U’s columns are A’s eigenvectors

N\’ diagonal contains A’s eigenvalues

A=UAUT=A X XT HAXX T+ A X XT

O0Ooano

x,XT; represents projection via x, (A, eigenvalue,
X; eigenvector)
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Singular Value Decomposition
(SVD)

e Decomposition into eigen values and eigenvectors is
applied to square matrices. Data tables are usually non
square, in these <case we apply Singular Value
Decomposition.

e Let A mxn table, can be expressed A=ULV’
e U: mxm, its columns are A*A’ eigenvectors.

e L: mxn contains A’s singular values, equal to square roots
of A*A’ eigenvalues

e V : nxn, its colums are A*A eigenvectors
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Principal Components Analysis

O The main concept behind Principal Components Analysis is
dimensionality reduction, maintaining as much as possible

data’s variance.

O variance: V(X)=02=E[(X-M)?]

O Let N objects, with mean value, m, it is approximated as:

1 i "
= (s — 2],
W =1

O In a sample of N objects with unknown mean value:

1 I

— S -7,
N_ 1 i=1
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Dimensionality reduction based on
variance maintenance

+\
+ /
<}>
+4 Axis
maximizing
] + variance

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006

102

51



Principal Components Analysis

O Let n dimensional data, with dimensions: x;,...,X,

O The objective is to projects the data to k dimensions

via some linear decomposition:
yi=a,¥x;+..+a,*x,

Yi=bi*x;+...+b *X,

O the should maintain the variance of the original data
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PCA, algorithm (1)

O X nxp data table, lines are the objects, columns the

O Initially data values are transformed such that u=0

attributes
1 1 __la5 |o
0 1 -0.5 |0

objects
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PCA, algorithm (2) Rversice

Let p attributes Xy,...,X;

a the px1 vector with the projection weights with ||a||=1

Pry(x)=<a,x>

O O o O

The projection variance:
0,2 =(1/n)*(X*a)T(X*a)=aT™V*a
V the covariance matrix of the sample (sample covariance).

Each element (i,j) in V will be defined by the covariance
between X;,X;

Cov(X;,X;)=(1/n)* 2, (x(k)-H;) (x;(k)-y)
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PCA, algorithm (3)

O It can be easily proved that the projection weight
vectors maximizing the variance can be found by

solving:
(V-AI)a=0
O The first principal component is the

eigenvector corresponding to the largest V’'s

eigenvalue etc.
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PCA, algorithm (4) S

O Assuming the top k principal components, the
deviation of the new variance to the original one is

given by:
[2Psoes NI/[ZPyey AD [1]

O Termination criterion: when the deviation [1] is

smaller than a threshold set.
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PCA, example Riverside

Axis corresponding to the
second principal component

\

+
+
AN
Axis corresponding to the
first principal component
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PCA Applications Rversde

O Preprocessing step preceding the application of data
mining algorithms (such as clustering).

O Data Visualization.

O Noise reduction.
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PCA, variations

O There are variations on the definition of V
generating the projection vectors.

O V may be defined as:
(1/n-1)* Z,(x;(k)-H)(x;(k)-p;) (instead of 1/n).

O It can easily be proved that the two definitions
result in exactly the same principal components.
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PCA, synopsis o

O It is a dimensionality reduction method

O Nominal complexity O( np~2+p”~3)
B n: number of data points
B p: number of initial space dimensions

O The new space maintains sufficiently the data
variance.
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Latent Structure in documents (I)

e Documents are represented based on the Vector
Space Model

e Vector space model consists of the keywords contained
in a document.

¢ In many cases baseline keyword based performs poorly -
not able to detect synonyms.

e Therefore document clustering is problematic
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Latent Structure in documents (II) Rversice

O Example where of keyword matching with the query:
“IDF in computer-based information look-up”

access document retrieval information theory database indexing computer

Docl X X X X X
Doc2 X X X
Doc3 X X X
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LSI

e Finding similarity with exact keyword matching is

problematic.

e Using SVD we process the initial document-term

document.

e Then we choose the k larger singular values. The
resulting matrix is of order k and is the most similar to the
original one based on the Frobenius norm than any other

k-order matrix.

114
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LSI ey

e The initial matrix is analyzed as: A=ULV’
 Choosing the k larger singular values from L we have: éxoupe
AU LV,

e L, is square kxk containing the k larger eigenvalues of the
diagonal in matrix L,

* U, the mxk matrix containing the first k columns in U,
* V| the kxn matrix containing the first k lines of V'

Typical values for k~200-300 (empirically chosen based on
experiments appearing in the bibliography)
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LSI capabilities

e Term to term similarity:
AA =U L2
e document-document similarity: A /A =V, L2V,
e term document similarity (as an element of the
transformed - document matrix)

e Extended query capabilities transforming initial query

qtoq,: gy=aq'UgL,?
e Thus g, can be regarded a line in matrix V,
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LSI - an example Rversde

e LSI application on a term — document matrix
C1: Human machine Interface for Lab ABC computer application
C2: A survey of user opinion of computer system response time
C3: The EPS user interface management system
C4: System and human system engineering testing of EPS
C5: Relation of user-perceived response time to error measurements
M1: The generation of random, binary unordered trees
M2: The intersection graph of path in trees
M3: Graph minors IV: Widths of trees and well-quasi-ordering
M4: Graph minors: A survey

¢ The dataset consists of 2 classes, 1st: “human — computer
interaction” (c1-c5) 2nd: related to graph (m1-m4). After feature
extraction the titles are represented as follows.
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LSI - an example s
ClL |C2 C3 |C4 C5 M1 M2 M3 M4
human 1 0 0 1 0 0 0 0 0
Interface | 1 0 1 0 0 0 0 0 0
computer | 1 1 0 0 0 0 0 0 0
User 0 1 1 0 1 0 0 0 0
System 0 1 1 2 0 0 0 0 0
Response | 0 1 0 0 1 0 0 0 0
Time 0 1 0 0 1 0 0 0 0
EPS 0 0 1 1 0 0 0 0 0
Survey 0 1 0 0 0 0 0 0 1
Trees 0 0 0 0 0 1 1 1 0
Graph 0 0 0 0 0 0 1 1 1
Minors 0 0 0 0 0 0 0 1 1
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LSI - an example

A=ULV’

1 1]0 0 1 0 0 0 0 0
1 0 1 0 0 0 0 0 0
1 1 0 0 0 0 0 0 0
0 1 1 0 1 0 0 0 0
A= o [1 |1 |2 |o |o |o |o |o
- o [t Jo Jo |1 Jo [o |o Jo
0 1 0 0 1 0 0 0 0
0 0 1 1 0 0 0 0 0
0 1 0 0 0 0 0 0 1
0 0 0 0 0 1 1 1 0
0 0 0 0 0 0] 1 1 1
0 0 0 0 0 0 0 1 1
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LSI - an example
A=ULV’
0.22 -0.11 | 0.29 -0.41 -0.11 -0.34 0.52 -0.06 -0.41 0 0 0
0.20 -0.07 | 0.14 -0.55 0.28 0.50 -0.07 -0.01 -0.11 0 0 0
0.24 0.04 -0.16 -0.59 -0.11 -0.25 -0.30 0.06 0.49 0 0 0
0.40 0.06 -0.34 0.10 0.33 0.38 0.00 0.00 0.01 0 0 0
0.64 -0.17 | 0.36 0.33 -0.16 -0.21 -0.17 0.03 0.27 0 0 0
U= 0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02 -0.05 0 0 0
0.27 0.11 -0.43 0.07 0.08 -0.17 0.28 -0.02 -0.05 0 0 0
0.30 -0.14 0.33 0.19 0.11 0.27 0.03 -0.02 -0.17 0 0 0
0.21 0.27 -0.18 -0.03 -0.54 0.08 -0.47 -0.04 -0.58 0 0 0
0.01 0.49 0.23 0.03 0.59 -0.39 -0.29 0.25 -0.23 0 0 0
0.04 0.62 0.22 0.00 -0.07 0.11 0.16 -0.68 0.23 0 0 0
0.03 0.45 0.14 -0.01 -0.30 0.28 0.34 0.68 0.18 0 0 0
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LSI - an example

A=ULV’

334 |0 ) 0 ) ) 0 ) 0
0 254 |o 0 0 ) 0 ) 0
0 0 235 |0 ) 0 0 0 0

L= o 0 0 164 |0 0 0 0 0
0 0 0 0 150 |o 0 ) 0
0 0 0 0 0 131 |o 0 0
0 0 ) 0 0 0 085 |0 0
0 0 ) 0 ) ) 0 056 |0
0 0 ) 0 ) ) 0 ) 0.36
0 0 ) 0 0 ) 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 ) ) 0 0 0
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LSI - an example

A=ULV"
020 |-0.06|0.11 |-095 |005 |-0.08 |0.18 |-0.01 |-0.06
061 |0.17 |-050 |-003 |-021 |-0.26 |-043 |0.05 |o0.24
046 |-0.13 |02t 004 |038 |072 |-024 [001 |o0.02

V= [osa [-023 |05 [027 [-021 [-037 [026 |[-0.02 |-0.08
028 |o011 |-051 [0.15 |033 |0.03 |067 |-0.06 |-0.26
000 |o019 010 [002 [039 |-030 |-0.34 |045 |-0.62
001 [044 |019 [002 035 |-021 |-0.15 |-076 |o0.02
002 |o062 |025 |00t |o015 |o000 |o025 |o045 |o0.52
008 |o053 |008 |-003 |-060 |036 |0.04 |-0.07 |-045
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LSI - an example

Choosing the 2 largest singular values we have

0.22 -0.11
0.20 -0.07
0.24 0.04
0.40 0.06
0.64 -0.17 334 |0
— _ _
Uk 0.27 0.11 Lk_ 0 2.54 Vk -
0.27 0.11
0.30 -0.14
0.20 0.61 0.46 0.54 0.28 0.00 0.02 0.02 0.08
0.21 0.27
-0.06 0.17 -0.13 -0.23 0.11 0.19 0.44 0.62 0.53
0.01 0.49
0.04 0.62
0.03 0.45
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LSI (2 singular values)
C1 Cc2 C3 c4 C5 M1 M2 M3 M4
human 0.16 0.40 0.38 0.47 0.18 -0.05 -0.12 -0.16 -0.09
Interface 0.14 0.37 0.33 0.40 0.16 -0.03 -0.07 -0.10 -0.04
Computer | 0.15 0.51 0.36 0.41 0.24 0.02 0.06 0.09 0.12
User 0.26 0.84 0.61 0.70 0.39 0.03 0.08 0.12 0.19
A — | System 0.45 1.23 1.05 1.27 0.56 -0.07 -0.15 -0.21 -0.05
K=
Response | 0.16 0.58 0.38 0.42 0.28 0.06 0.13 0.19 0.22
Time 0.16 0.58 0.38 0.42 0.28 0.06 0.13 0.19 0.22
EPS 0.22 0.55 0.51 0.63 0.24 -0.07 -0.14 -0.20 -0.11
Survey 0.10 0.53 0.23 0.21 0.27 0.14 0.31 0.44 0.42
Trees -0.06 | 0.23 -0.14 -0.27 0.14 0.24 0.55 0.77 0.66
Graph -0.06 | 0.34 -0.15 -0.30 0.20 0.31 0.69 0.98 0.85
Minors -0.04 | 0.25 -0.10 -0.21 0.15 0.22 0.50 0.71 0.62
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LSI Example Riverside

e Assume the query: “human computer interaction” we
retrieve documents: c¢;,c,, ¢, but not ¢c; and c.

e If we submit the same query (based on the
transformation shown before) to the transformed matrix
we retrieve (using cosine similarity) all c¢;-cs even if c;
and ¢s have no common keyword to the query.

e According to the transformation for the queries we
have:

M. Vazirgiannis, M. Halkidi, D. Gunopulos - PKDD 2006 125

Query transformation

query 1
human
1 0
Interface 0 1
computer
p 1 0
User
0 0
System
y 0 o
Response 0 CI— o
Time
0 0
EPS
0 0
Surve
y 0 0
Trees
0 0
Graph 0
0
Minors 0
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Query transformation

0.22 -0.11
0.20 -0.07
0.24 0.04
0.40 0.06 —
Uk_ 0.64 -0.17 Lk-1= 5 o3
0.27 0.11
0.27 0.11
0.30 -0.14
0.21 0.27
0.04 0.62 G quLk
0.03 0.45
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H
Query transformation Rverside
0.20 |-0.06 0.67 |-0.15
0.61 [0.17 2.04 [0.43
0.46 |-0.13 1.54 [-0.33
Vilk=Toss 03 3.34 | 0 — [180 [-058
028 [o0.11 9[22 0.94 [o0.28
0.00 [o0.19 0.00 [o0.48
0.01 [o0.44 0.03 [1.12
0.02 0.62 0.07 1.57
0.08 |0.53 0.27 [1.35
334 |0
= - =]o0.46 [-0.069
anly = | 0.138 | -0.0273 | T o | -0.069 |
128
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Query transformation Rverside

m3

1.5
m4
m2
1 4
0.5 rjl:ll c2
| C5 | | |
gogq t 15 2
C3
-0.5+ ca
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Query transformation

e Comparison of the transformed query to the new
document vectors based on cosine similarity, where the
similarity is computed as: Cos(x,y)=<x,y>/||x||.|ly]]

Where x=(Xy,...,.X4), Y=Y1,--1¥Yn)
<X,¥>=X*y;+...+X,*Y,

[[x]]|=sqgrt(<x,x>)
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Query transformation

e The cosine similarity matrix of query vector to the
documents is:

query
Ct ]0.99
c2 |0.94
c3 |0.99
c4 |0.99
Cc5 ]0.90
M1 |-0.14
M2 |-0.13
M3 |-0.11
M4 | 0.05
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OO0 FastMap (raloutsos et al. 1995)

B Projects all data to a
hyperplane perpendicular to (Deye2-Dh
the line defined by the two
most distant points of the
dataset.

B One of the fastest available
methods

®  Algorithmic complexity: O(Nk)

[0 Piecewise Aggregate

Approximation — PAA
(E.Keogh et al.2001)

a

I Xy + X,/2 | X3+ X4/2 | X+ Xg/2 | X+ Xg/2 | Xg+ X30/2 I

B Replace a set of coordinates
with their mean value. ‘ ‘ ‘ ' '
®  Algorithmic complexity O(n) D [ [ [xs [xs [x6 [x0 [xe [%0 [0
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Distributed Dimensionality Reduction Riverside

O Distinct features
B Lack of global knowledge about the data.

O Requirements
B Each point is projected independently from the rest.

® Distances between points are preserved in all cases, even
when points do not belong to the same node.

O Most of the algorithms require global knowledge.
B The projection of a point is influenced by the rest of the
corpus.

O SVD: The addition of a new point necessitates no abduction of
singular values and lot of computations .
B Exception: When data representations are orthogonal

O PAA promising..

B However it is rather insecure due to it's dependency on the
rolling window size.
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Distributed Dimensionality Reduction
Approaches

O Distributed FastMap [1]
B Objective: Decentralized computation of the global pivot set.
m Distributed OneTime FastMap:
O Each node generates its local pivots set

O All local sets are aggregated and the application of FastMap
generates the global pivots set

B Distributed Iterative FastMap:
O Each node generates pivots on iteration basis.

O Based on choose-distant-points heuristic, global pivots per
iteration are selected.

O Distributed Principal Components Analysis [2]
B Objective: Assemblage of the covariance matrix
B Each node contributes with a part of its principal components set.

[1] Faisal N.Abu-Khzam, Nagiza , George O. , Michael A.L Al Geist, “Distributed

Dimension Reduction Algorithms for Widely Dispersed Data” PDCS 2002, pp. 167-174

[2] Y ing Qu, George O: hov, Nagiza Al Geist, “Principal Component Analysis for

Dil ion Reduction in ive Distributed Data Sets”, 5th International Workshop on High Performance Data Mining, 2002
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Distributed Dimensionality Reduction
Approaches

O Distributed LMDS [1]
B Application of classic MDS on a subset of points

B Projection of each point separately through distance
based triangulation

O Assessment

Algorithmic Memory Addition of Network
Complexity Requirements new point Load

PCA O(n2d + n3) O(n? + nd)

DPCA o(ned, + %) o(n? + nd) ofkn) o(nsk)
FastMap o(dk) O((k+n)d+cl?) oK
g}‘:::&“:p ggg‘ t)+°srk2) O(ken)d;+d?) oK) Ofskn +k?) Notation:
: d: number of total points
Iterative O(d;k) or O((ken)d-+d?) o Oskn + k2 d;: number of local points
D.FastMap o(d, k + sk?) e k: dimensionality of projection space
- s: number of nodes
Distributed O(f(n+k)) or i
LMDS Okfd+f2+ £ O(f(n+k) + ) Okh Ofin +1k) f: number of selected points

PAA o(d) o(n) o(1) 0

[1] P. Magdalinos, C. Doulkeridis and M. Vazirgiannis, “A Novel Effective Distributed Dimensionality Reduction
Algorithm”, In Workshop on Feature Selection for Data Mining (FSDM'06), pp.18-25, Bethesda, Maryland, 2006.
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Recent contribution - K-Landmarks E
[PKDD 2006] M

O Problem:
B Input: d vectors in R" distributed in a network of p nodes. Each node
holds d; vectors

B We want to find a distributed dimensionality reduction algorithm that
produces as output N vectors in space Rk

O Assumption: The existence of some kind of network organization
scheme.
B An aggregator node is elected.

O The algorithm
1. k Points are chosen from the whole network. Each node selects k; points.
All data are transmitted to the aggregator node.
. Random selection of initial points.
. Selection of most distant points
. Use of clustering (only centralized execution)
2. Application of FastMap on the set L of landmark points.
e  Projection has zero Stress = All distances are preserved.
3. Results are communicated to the rest of the nodes.
4. Each res ance from the
landmarl ction space.
e The problem is solved with the use of the Newton method
e Convergence criterion: min[X,{|distance,, - distance,|}]
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K-Landmarks - I

O Geometric interpretation

B Equation ||x(®) - |(K]| =D =
[|x(™ - (M| represents a
hypersphere in Rk with center in
1) radius D.

B The algorithm searches for the

x

common trace of the k

hyperspheres.
O The algorithm always converges 1
if the Euclidean metric holds true Vo T
in the original space. I N o \m
m  Criterion of non convergence: TS \\\\ N e "/ .
O [|A'B?[|>|ICA?||+]|CB?[] ' s 7
or : Pae T / Dy
[IA'B">||<|ICA>[|-|ICB?|] ’ s B~
B Projection with zero stress: e Q¢ ST
O [|A'B?[|=||AB?]| m :
B The criterion of non-convergence T x

in never satisfied
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K-Landmarks II

UMIVERSITY of
CALIFORNIA

O Computational Cost:

m  Choice of k; points from each node:
O Random: O(k;)
O  Heuristic based : O(dik;)

[ ] Distances’ calculation between landmark points:
O  O(k2) - cost for the aggregator node only.

[ ] FastMap execution:
O  O(k?) - cost for the aggregator node only.

[ ] Calculation of the distances of the remaining d; -k; points from the landmark
points:
o O{(di -kpk}

[ ] Solution of (d; -k;) non-linear equations system:
o O{(d; -k)k3/3}

] Eventually:

O 0{(d; -k)k3/3} for each node

O Network stress:

Communication of k vectors of dimensionality n: O(nk)
Communication of the aforementioned vectors and their projections in the k

| |
[

dimensions space: O(nk + k2)
[ Eventually:O(nk + k2)

Addition of
new point

Network
Load

Algorithmic
Complexity

Memory
Requirements

K-Landmarks

0((d-k) k¥13)

O(kn+k?) O(k%3) O(nk + k?)
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Experiments

O Experiments with a selection from UCI datasets
B Projection from 2% up to 10% of original dimensions

O We measure:
B Stress: distance preservation while projecting
B Relative clustering quality preservation: discovering clusters before vs. after
projecting
O F-Measure-k /F-Measure-n

O Datasets:

Dataset Name Objects  Dimensions S Description
Ionosphere 351 34 2 Radar observations.
Isolet5 1559 617 26 Letters of the alphabet.
Musk 476 166 2 Molecules descriptions.
P.I.Diabetes 768 8 2 Medical observations.
Segmentation 2000 19 7 Outdoor images segments.
Synthetic control 600 60 6 Randomly generated data ([1]).

[1] Alcock R.J. and Manolopoulos Y, “Time-Series Similarity Queries Employing a Feature-Based Approach”, 7t
Hellenic Conference on Informatics. August 27-29. loannina,Greece 1999.
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= KLandmarks exhibits high clustering quality preservation and low
stress value

= Distributed LMDS proves rather unstable, with extremely high
stress value

= Although PAA retains clusters it fails in distances preservation
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Distributed Clustering
approaches

71



Introduction to Distributed Clustering

O Data are distributed to different sites connected through a
network.

O Each site knows only its local information
B A local clustering can be defined at each site
O How can we combine local clusterings to define a global one.

O Requirements:
B Low communication cost
O Restrictions of the continuous exchange of information
m Accuracy
- Clustering using global data

~
~

vi;local clustering;
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Distributed clustering based on k-windows
algorithm

O Entire dataset X is distributed among m sites

X

B Each site stores X; , X = Uiy, m

i
B Central site O holds the final clustering results

O k-windows algorithm is executed over the X; datasets
All the final windows from each site are collected to the
central node O.

O Central node is responsible for the final merging

B Two overlapping windows are considered to belong to the

same cluster

* Tasoulis, Vrahatis. “"Unsupervised Distributed Clustering”, PRL 2005
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Unsupervised k-windows algorithm

O Tries to place a d-dimensional window containing all
patterns that belong to a single cluster.

O Two step approach based on
B sequential movement and enlargements of
windows

O Windows aim to capture patterns that belong to the
same cluster

O After the clustering procedure

B windows that share a sufficiently large number of
patterns are merged to form a single cluster
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Unsupervised k-windows algorithm

1st step.
B The windows are moved to the Euclidean
space without altering their size.

® Each window is moved by setting its center {™7g .
to the mean of the patterns currently P e o
. i M3 eam i
included. i LLEHEE .

B Termination: further movement does not

increase the number of patterns included

O 2nd step.

B The size of windows enlarged to capture as
many patterns of the cluster as possible

B Termination: the number of patterns
included in the window no longer increases.
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Summary

O Unsupervised clustering
B Fundamental concepts
B Representative algorithms

O Semi-supervised clustering
B Feasibility constraints
m Algorithms for constrained clustering

O Cluster validity criteria and Semi-supervised learning

O Distributed dimensionality reduction techniques
B Low stress
B High clustering quality preservation
B Low network load
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Thank you
for your attention !

DB-NET @ AUEB
http://www.db-net.aueb.gr/

Database lab @ UCR
http://dblab.cs.ucr.edu/
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