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> Clustering Approaches

o Partition-based algorithms: build several partitions then assess them
w.r.t. some criteria.

o Hierarchy-based algorithms: create a hierarchical decomposition of
the objects w.r.t. some criteria.

o Density-based algorithms: based on the notions of density and
connectivity.
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extensibility
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ability to handle different data types
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prior for parameter settings
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ability to handle noisy data and outliers
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k-means

Inductive database vision

Querying a clustering:

{X e P|QX,D)}
where:
o D is a set of objects O associated with a similarity measure,
Vi=1.k,C#0D
o Pis{(C,...,G) e (29| {Vj#i,CGNC#0 },
Ule G=0

o Q is a function to optimize. It quantifies how similar are pairs of
objects in a same cluster and how dissimilar are those in two
different clusters
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k-means

Inductive database vision

Querying a clustering with k-means:

{XeP|QX,D)}
where:
o D is a set of objects O associated with a similarity measure,
Vi=1.k,C #0
o Pis{(Ci,...,G) € (29| {Vj#i,GNC#B } where
Ule G=0
k € N\ {0} is fixed,

o @ is the maximization of the sum, over all objects, of the
similarities to the centers of the assigned clusters:

(C]_,...7 '—)ZZ o, |Z_€|C

i=1 o€C;
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k-means

Inductive database vision

Querying a clustering with k-means:

{XeP|QX,D)}
where:
o D is a set of objects O associated with a similarity measure,
Vi=1.k,C #0
o Pis {(Ci,...,G) € (29| {Vj#i,GNC#0B } where
Ule G=0
k € N\ {0} is fixed,

o @ is the maximization of the sum, over all objects, of the
similarities to the centers of the assigned clusters:

(G-, Co) > Z Zs(o,u;)

i=1 oe(C;
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k-means

Exact algorithm

Input: O,D, k € N\ {0}
Output: the clustering of O maximizing f: the sum, over all
objects, of the similarities to the centers of the assigned clusters
Crmax < 0
frax < —00
for all k-clustering C of O do
if f(C,D) > fmax then
fmax < F(C, D)
Cmax = C
end if
end for
output(Crmax)
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Number of k-clusterings
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Question

How many k-clusterings are enumerated?
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k-means

Number of k-clusterings

Question
How many k-clusterings are enumerated? The Stirling number

of the second kind, i.e., Zfzo(—l)t ( l; ) (k—1t)" = O(k").
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k-means principles

k-means is a greedy iterative approach that always converges to a
local maximum of the sum, over all objects, of the similarities to
the centers of the assigned clusters.
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k-means

k-means principles

k-means is a greedy iterative approach that always converges to a
local maximum of the sum, over all objects, of the similarities to
the centers of the assigned clusters.

An iteration consists in two steps:

E Each object is assigned to the cluster whose center is
the most similar (thus defining a clustering);
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k-means

k-means principles

k-means is a greedy iterative approach that always converges to a
local maximum of the sum, over all objects, of the similarities to
the centers of the assigned clusters.

An iteration consists in two steps:

E Each object is assigned to the cluster whose center is
the most similar (thus defining a clustering);

M The center of each cluster is updated to the mean of
the objects assigned to it.
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k-means

k-means principles

k-means is a greedy iterative approach that always converges to a
local maximum of the sum, over all objects, of the similarities to
the centers of the assigned clusters.

An iteration consists in two steps:
E Each object is assigned to the cluster whose center is
the most similar (thus defining a clustering);

M The center of each cluster is updated to the mean of
the objects assigned to it.

Initially, the centers of the clusters are randomly drawn. The
procedure stops when, from an iteration to the next one, the
centers of the clusters have not changed much (or at all).
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2-means with | A| = 1: illustration
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2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Dataset:
I I I | O_O_G I I I I O S N O N N | O_I
; g 2 101112 20 25 30
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k-means

2-means with | A| = 1: illustration

2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Iteration 1:
By =2 wy =4

l

LLlooAaL L 1L I I AAAL I I I 11 1AILIILIAILILILIILAI

2 3 4 101112 20 25 30
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k-means

2-means with | A| = 1: illustration

2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Iteration 2:
M1 =25 Uy =16

|

101112 20 25 30
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k-means

2-means with | A| = 1: illustration

2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Iteration 3:
B =3 By =18

101112 20 25 30
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k-means

2-means with | A| = 1: illustration

2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Iteration 4:
uy =475 1o = 19.60

’??IIIII“‘IIIIIIIIIIIAIIIIAI
10 1112 20 25 30
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k-means

2-means with | A| = 1: illustration

2-means clustering of the objects in a one-dimensional space using
the Euclidean distance.

Iteration 5:
=7 By =25

10 1112 20 25 30
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k-means

3-means with | A| = 2: illustration

3-means clustering of the objects in a two-dimensional space using

the Euclidean distance.
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k-means

k-means algorithm

Input: O, D,k € N\ {0}
Output: a clustering of O locally maximizing the sum, over all
objects, of the similarities to the centers of the assigned clusters
(4)i=1..k < random(D)
repeat

(Gi)i=1..k <+ assign_cluster(O, D, (1;)i=1..k)

(¢, (ui)i=1.k) < update_centers(D, (C)i=1..k, (1i)i=1..k))
until ¢
output((C;)i=1..x)

. Clusterin,
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k-means

assign_cluster

Input: O, D, (u,'),'zlnk S (RlAl)k
Output: (C;)i=1.x the clustering of O such that
Vi=1.k,Vj#i,Voe C,s(o,ui) > s(o, )
for all o € O do
a < argmax;_y_x s(0, i)
G, C,U{o}
end for
return((G;)i=1. x)

. Clusterin,
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k-means

Complexity of assign_cluster

Question

Assuming the computation of a similarity is linear in the num-
ber of attributes |.A|, what is the complexity of assign_cluster?
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k-means

Complexity of assign_cluster

Question

Assuming the computation of a similarity is linear in the num-

ber of attributes |.A|, what is the complexity of assign_cluster?
O(k|O x Al).
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k-means

update_centers

Input: D, (C)i=1.x a clustering of O, (11)i=1.x € (RMN)*

Output: ¢ € {false, true} indicating whether the convergence is

reached, (1})i=1.x) € (RM)¥ such that Vi = 1.k, uj = Eré?o

c < true

fori=1— kdo

/ oEC,-O
Hi < g

if 1) # pi then
c + false
end if
end for

return(c, (1})i=1..x)

. Clusterin,
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k-means

Complexity of k-means

Question

Assuming the computation of a similarity is linear in the num-
ber of attributes |A|, what is the complexity of assign_cluster?
O(k|O x Al).

Question

What is the complexity of update_centers?
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k-means

Complexity of k-means

Question

Assuming the computation of a similarity is linear in the num-
ber of attributes |A|, what is the complexity of assign_cluster?
O(k|O x Al).

Question

What is the complexity of update_centers? O(|O x A|).
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k-means

LIRS

Complexity of k-means

Question

Assuming the computation of a similarity is linear in the num-
ber of attributes |.A|, what is the complexity of assign_cluster?
O(k|O x AJ).

Question

What is the complexity of update_centers? O(|O x A|).

Question

What is the complexity of k-means if t € N iterations are nec-
essary to converge?
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k-means

LIRS

Complexity of k-means

Question

Assuming the computation of a similarity is linear in the num-
ber of attributes |.A|, what is the complexity of assign_cluster?
O(k|O x AJ).

Question

What is the complexity of update_centers? O(|O x A|).

Question

What is the complexity of k-means if t € N iterations are nec-
essary to converge? O(tk|O x A|).
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Convergence
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Worst-case scenarios require 229D jterations to converge but a
smoothed analysis gives a polynomial complexity.
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!-means

Convergence

III:
EIII
)

Worst-case scenarios require 229D jterations to converge but a
smoothed analysis gives a polynomial complexity.

The low complexity of k-means is its greatest advantage.
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Limitations of k-means
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o Convergence towards a local maximum of the sum, over all objects,
of the similarities to the centers of the assigned clusters;

. Clusterin,
Marc Plantevit € 18 / 52




!-means

Limitations of k-means
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o Convergence towards a local maximum of the sum, over all objects,
of the similarities to the centers of the assigned clusters;

o Sensitivity to outliers (k-medoids replaces the means by medians);
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k-means

Limitations of k-means

o Convergence towards a local maximum of the sum, over all objects,
of the similarities to the centers of the assigned clusters;

o Sensitivity to outliers (k-medoids replaces the means by medians);

o Tendency to produce equi-sized clusters;
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k-means

Limitations of k-means

Convergence towards a Jocal maximum of the sum, over all objects,
of the similarities to the centers of the assigned clusters;

©

Sensitivity to outliers (k-medoids replaces the means by medians);

(+]

©

Tendency to produce equi-sized clusters;

The number of clusters must be known beforehand.

©
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k-means

LIR

s
The elbow method

Plot a measure of the quality of the k clusters (e.g., the sum, over
all objects, of the similarities to the centers of the assigned
clusters) when k increases. Choose k after a large drop of the
growth.
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k-means

LIR

s
The elbow method

Plot a measure of the quality of the k clusters (e.g., the sum, over
all objects, of the similarities to the centers of the assigned
clusters) when k increases. Choose k after a large drop of the
growth.

More principled method exist and can be seen as variants (finding
the best trade-off between quality and compression).
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k-means

LIR

s
The elbow method

Plot a measure of the quality of the k clusters (e.g., the sum, over
all objects, of the similarities to the centers of the assigned
clusters) when k increases. Choose k after a large drop of the
growth.

More principled method exist and can be seen as variants (finding
the best trade-off between quality and compression).

If the quadratic time complexity of a hierarchical agglomeration is
not prohibitive, the number of clusters can be determined from the
dendrogram.
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k-means

Limitations of k-means

Convergence towards a Jocal maximum of the sum, over all objects,
of the similarities to the centers of the assigned clusters;

©

Sensitivity to outliers (k-medoids replaces the means by medians);

©

©

Tendency to produce equi-sized clusters;

The number of clusters must be known beforehand.

©
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Tendency to produce equi-sized clusters

Dataset k-means clustering EM clustering
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LIRS

EM assumptions

The dataset D is seen as a random sample from a |.A|-dimensional
random variable O.
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LIRS

EM assumptions

The dataset D is seen as a random sample from a |.4|-dimensional
random variable O.

This probability density function is given as a mixture model of the
k € N\ {0} clusters (C)j=1.«:

k
f(0) = " fi(0)P(C)

i=1

, where P(C;) is the probability to belong to the cluster C; and f; is
the probability density function of this cluster whose type of
distribution is chosen beforehand.
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Maximum likelihood estimation

EM searches a parametrization 6 of f (i.e., (P(C;)i=1.x and the
parametrization of the (f;);=1.x) so that the likelihood that D is
indeed a random sample of O is maximized:

argmax P(D|0) .
0

. Clusterin,
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Maximum likelihood estimation

EM searches a parametrization 6 of f (i.e., (P(C;)i=1.x and the
parametrization of the (f;);=1.x) so that the likelihood that D is
indeed a random sample of O is maximized:

argmax P(D|0) .
0

Since the dataset is assumed to be a random sample from O (i.e.,
independent and identically distributed as O), the objective
becomes the computation of:

arg max f(o) .
gr I f(o)

ocO
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Maximum likelihood estimation

EM searches a parametrization 6 of f (i.e., (P(C;)i=1.x and the
parametrization of the (f;);=1.x) so that the likelihood that D is
indeed a random sample of O is maximized:

argmax P(D|0) .
0

Since the dataset is assumed to be a random sample from O (i.e.,
independent and identically distributed as O), the objective
becomes the computation of:

arg max f(o) .
gr I f(o)

ocO
It usually is hard to analytically compute arg max, [, <o f(0).
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EM principles

EM is a greedy iterative approach that always converges to a local
maximum of P(D|0).
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EM

LIR

S
EM principles

EM is a greedy iterative approach that always converges to a local
maximum of P(D|0).

An iteration consists in two steps:

E Given 6, the posterior probabilities of each object to
belong to each cluster is computed;

Marc Plantevit Clustering
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EM

LIR

S
EM principles

EM is a greedy iterative approach that always converges to a local
maximum of P(D|0).

An iteration consists in two steps:

E Given 6, the posterior probabilities of each object to
belong to each cluster is computed;

M 0 is updated to reflect these probabilities.
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EM

LIR

S
EM principles

EM is a greedy iterative approach that always converges to a local
maximum of P(D|0).

An iteration consists in two steps:
E Given 6, the posterior probabilities of each object to
belong to each cluster is computed;

M 6 is updated to reflect these probabilities.

Initially, the parametrization of 6 is randomly drawn and
Vi=1.k,P(C) = % The procedure stops when, from an iteration
to the next one, the parametrization has not changed much (or at
all).

. Clusterin,
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Expectation step

Given 0, the posterior probability of an object 0o € O to belong to
a cluster G is:

P(C,' A O)
P(o)
_ P(O|C,')P(C,')
Za:l..k P(O N Ca)
__ P(o|G)P(G)
>a—1.k P(o]|G)P(G)
__ fi(o)P(G)
> a1k F(0)P(Ca)

P(Cilo) =

. Clusterin,
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Maximization step (1/2)

The distribution of a cluster usually is assumed multivariate
normal, thus parametrized with a location (the center of the
cluster) and a covariance matrix.
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Maximization step (1/2)

The distribution of a cluster usually is assumed multivariate
normal, thus parametrized with a location (the center of the
cluster) and a covariance matrix.

Given (P(Cj|0))i=1.k,0co, the location of the cluster C; is updated
to the weighted sample mean p;:

2-oco P(Cilo)o
oco P(Cilo)
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Maximization step (2/2)

Given (P(Cj|o))i=1.k0co, the covariance of the cluster C; between
the random variables O, and O, is updated to the weighted
sample covariance:

2-0c0 P(Cilo)(0a — pi.a) (05 — pip)
0o P(Cil0) '

. Clusterin,
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Maximization step (2/2)

Given (P(Cj|o))i=1.k0co, the covariance of the cluster C; between
the random variables O, and O, is updated to the weighted
sample covariance:

> oco P(Cilo)(0a — pia)(op — pip)
> oco P(Cilo) '

Given (P(Cj|0))i=1..k,0co, the prior probability of belonging to the
cluster C; is updated to:

2_0co P(Cil0)
0]
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EM with |A| =1 and k = 2: illustration
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EM clustering of the objects in a one-dimensional space using the
Euclidean distance.

Dataset:

U1 = 6.63 Ly = 7.57
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EM with |A| =1 and k = 2: illustration

EM clustering of the objects in a one-dimensional space using the
Euclidean distance.

Iteration 1:
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s
EM with |A| =1 and k = 2: illustration

EM clustering of the objects in a one-dimensional space using the
Euclidean distance.

Iteration 5:

W2 = 7.56
184
1.5 1
1.2

0.9 —248
06 - ==

0.3 1 *
T \m T T T

-1 0 1 2 3 4 5 6 7 8 9 10 11
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EM with |A] =2 and k = 3

EM clustering of the objects in a two-dimensional space using the
Euclidean distance.

Dataset:
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S
EM with |A] =2 and k = 3

EM clustering of the objects in a two-dimensional space using the
Euclidean distance.

Iteration 1:
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S
EM with |A] =2 and k = 3

EM clustering of the objects in a two-dimensional space using the
Euclidean distance.
Iteration 36:
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EM algorithm with mixture of Gaussians

Input: O, D,k € N\ {0}
Output: a fuzzy clustering of O corresponding to posterior
probabilities of a focally maximized likelihood of a mixture of
Gaussians
(4)i=1..k < random(D)
(Zi)i=rk < (1,0 1)
(P(C))iztk < (%5 F)
repeat
(P(Cilo))i=1..k,0c0 <
expectation(O, D, (14i)i=1..k; (Xi)i=1..k; (P(C))i=1..k)
(¢, (pi)i=1..k> (Xi)i=1..k5 (P(Ci))i=1..k) <
maximization(D, (P(C,'|O)),':1“k7o€(9, (u,');zlnk)
until ¢
output((P(Cj[0))i=1..k,0c0)

Marc Plantevit Clustering
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expectation

Input: O, D, (11;)i=1.k € (RANK, (L;)iz1.k €

(RN (P(C))izk € [0, 1]

Output: (P(Ci|0))i=1.ko0co the fuzzy assignment of the
objects in O to the clusters given by the mixture of Gaussians
parametrized with (,u,-),-zlnk, (Zi)izl..k7 (P(C,‘)),':Lk

for all o € O do

fori=1— kdo

. fi(0)P(Ci)
P(Gilo) < =2 Lop(cy
end for

end for
return((P(C;|0))i=1..k,0c0)
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expectation

Input: O, D, (1i)i=1.k € (RMNK, (T)i=1. €
Al x| A
(R (P(G))iz.k € [0, 1]
Output: (P(Ci|0))i=1.koco the fuzzy assignment of the
objects in O to the clusters given by the mixture of Gaussians
parametrized with (1;)i=1.k, (Xi)i=1..k, (P(Gi))i=1..k
for all o € O do
fori=1— kdo o )
Nelo=w) "X (0= 1)y )
P(Cilo) et T - T T2 ALG)
Sh (det(X,)elo—ra) ' 25 (0—pa)) 2 P(Cs)

end for
end for

return((P(C;|0))i=1..k,0c0)

Marc Plantevit Clustering
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Complexity of expectation

Question

What is the complexity of computing (det(X;))i=1.x?
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Complexity of expectation

Question

What is the complexity of computing (det(Z;))i=1.x? kO(]A[?).
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Complexity of expectation

Question

What is the complexity of computing (det(X;))i=1.x? kO(]A[]?).

Question

What is the complexity of computing (Z._l),-:l“k once

(det(X/))i=1.k is known?
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Complexity of expectation

Question

What is the complexity of computing (det(X;))i=1.x? kO(]A[]?).

Question

What is the complexity of computing (Zi_l),-zluk once
(det(X;))i=1..x is known? O(k|AJ?).
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EM

LIRS

Complexity of expectation

Question

What is the complexity of computing (det(X;))i=1.x? kO(]A[?).

Question

What is the complexity of computing (Z._l),-:l“k once

(det(E:))ierk is known? O(k|AJ). '

Question

What is the complexity of computing one Mahalanobis distance,
(0,0') (0 —0')TZ: (0~ o), once ;! is known?
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Complexity of expectation
Question
What is the complexity of computing (det(X;))i=1.x? kO(]A[?).

Question

What is the complexity of computing (Zi_l),-zluk once
(det(X;))i=1..x is known? O(k|AJ?).

Question

What is the complexity of computing one Mahalanobis distance,
(0,0") (0 — 0")TE; (0 — o), once X; ! is known? O(]AJ?).
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Complexity of expectation

Question
What is the complexity of computing (det(X;))i=1.x? kO(]A[?).

Question

What is the complexity of computing (Zi_l),-zluk once
(det(X;))i=1..x is known? O(k|AJ?).

Question

What is the complexity of computing one Mahalanobis distance,
(0,0") = (0 —0)TE; (o~ o), once Xt is known? O(|.A[?).
Question

What is the complexity of expectation?
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LIRIS

Complexity of expectation

Question
What is the complexity of computing (det(X;))i=1.x? kO(]A[?).

Question

What is the complexity of computing (Zi_l),-zluk once
(det(X;))i=1..x is known? O(k|AJ?).

Question

What is the complexity of computing one Mahalanobis distance,
(0,0") = (0 —0)TE; (o~ o), once Xt is known? O(|.A[?).
Question

What is the complexity of expectation? O(k|.A[*(|O] + |A])).
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maximization

Input: D, (P(C;[0))i=1.k0co € [0, 1]MO (11)iz1.x € (RMI)K
Output: ¢ € {false, true} indicating whether the convergence is
reached, the new parametrization of the mixture of Gaussians

Cc < true
fori=1— k do
>oco P(Cili)o

M SRR
if 1) # pi then
c + false

end it P(Clo)omt) o)
/ €O ilONO— i )\O— 1)
S Tl
P(C) + °€O|O‘ o
end for
return(c, (11:)i=1..k, (X3)i=1.k5 (P(Ci))i=1..k)
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Complexity of EM

Question

What is the complexity of expectation? O(k|A>(|O] + |A])).

Question

What is the complexity of maximization?
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S
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Complexity of EM

Question

What is the complexity of expectation? O(k|A[*(|O] + |A])).

Question

What is the complexity of maximization? O(k|O||.AJ?).

Question

What is the complexity of EM if t € N iterations are necessary
to converge? O(tk|A[?(|O] + |A|).
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Diagonal covariance matrix

A lower complexity is obtained by assuming all attributes
independent, i.e., all covariance matrices diagonal. The operations
involving such a matrix become linear in |.A| and the total time
complexity of EM becomes O(tk|O x A|).
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Diagonal covariance matrix

A lower complexity is obtained by assuming all attributes
independent, i.e., all covariance matrices diagonal. The operations
involving such a matrix become linear in |.A| and the total time
complexity of EM becomes O(tk|O x A|).

However, if the attributes are not really independent, the obtained
fuzzy clustering become much worse:

Full covariance matrices: Diagonal covariance matrices:

e
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k-means as specialization of EM

k-means is EM with f; chosen as follows:

1if GG =argmax,_; 4 s(o, pa)
0 otherwise
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© Hierarchical Clustering
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Hierarchical Clustering

III:
Elll
)

Hierarchical Clustering

Build a hierarchy of clusters (not an unique partition);

©

o The number of clusters k is not required as input;
o Use a distance matrix as clustering criteria

An early-termination condition can be used (ex. nb clusters).

©

. Clusterin,
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S
Algorithm

III:
EIII

Input: a sample of m objets x1,...,xn.
@ The algorithm begins with m clusters (1 cluster = 1 object);
O Merge the 2 clusters that are the closest.
O End If it remains only one cluster.

Q Go to step 2.
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Output: a dendogram

III:
EIII
)

Step0  Step 1 Step2 Step3  Step4
| | | |

A hierarchy that can be split at a given level to form a partition.
o the hierarchy: a tree called dendogram

o the leaves = the objects

. Clusterin,
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Hierarchical Clustering

Distance between clusters

o Distance between the centers (centroid method)

o Minimal distance among the pairs composed of objects from the
two clusters (Single Link Method):

d(i’j) = mi”xeC;;yGde(X7 )’)

o Maximal distance among the pairs composed of objects from the
two clusters (Complete Link Method):
d(l7f) = maXXECH}’Gde(XaY)
o Average distance among the pairs composed of objects from the
two clusters (Average Linkage Method):
d(i,j) = 3VgxeCf;yede(X7 y)
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Cons:

Pros: o The clustering is definitive:
erroneous decisions are

o Conceptually simple. impossible to modify later.

o Theoretical properties

o Non-extensible method for
well-known.

large collections of objects

(6(n%))
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@ Density-based Clustering: DBSCAN
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o For this kind of problem, the use of similarity (or distance) measures
is less efficient than the use of neighborhood density
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Density-based Clustering: DBSCAN

Density-based clustering

©

Clusters are seen as dense regions separated by regions that are
much less denser (noise)

o Two parameters:
o Eps: The maximum radius of the neighborhood
o MinPts: Minimum number of points within the Eps-neighborhood
of a point.
o Neighborhood: Vg,s(p) = {q € D | dist(p, q) < Eps}
o A point p is directly density-accessible from g w.r.t. Eps, MinPts if
MinPts = 5
Eps=1cm
P € Veps(q) and |VEs(q)| > MinPts
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o Accessibility: p is accessible
from g w.r.t. Eps, MinPts if
there exists pi, ..., p, such
that p1 = g, pp = p and p;y1 is
directly accessible from p;.

o Connexity: p is connected to g
w.r.t. Eps and MinPts if there
exists a point o such that p
and g are accessible from o.
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Density-based Clustering: DBSCAN

L'RiS DBSCAN: Density Based Spatial Clus-
tering of Applications with Noise

o A cluster is the maximal set of connected points

o Cluster shapes are not necessary convex

0® Eps = lcm
MinPts =5
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Density-based Clustering: DBSCAN

S
DBSCAN Algorithm

III:
EIII

©

Choose p
o Retrieve all poinst that accessible from p (w.r.t. Eps and MinPts)

If p is a center, then a cluster is created.

©

©

If pis a limit, then there is not accessible point from p, Skip to
another point

(+]

Repeat until it remains no point.
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Summary

o k-means iteratively assigns each object to the cluster whose center
is the most similar and recompute these centers as the mean of the
objects they were assigned;
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Conclusion

Summary

k-means iteratively assigns each object to the cluster whose center
is the most similar and recompute these centers as the mean of the
objects they were assigned;

©

o lts strongest advantage is its low complexity;
o Its worst drawback is its tendency to discover equi-sized clusters;

o k-means actually is a specialization of a whole class of algorithms
called EM;

o They treat the dataset as a random sample of a multivariate
random variable whose pdf is given as a mixture model,

o They locally maximize the likelihood, i.e., the probability of
observing the dataset given the parametrization of the mixture
model;

o They iteratively compute the expectation of the likelihood and
update the parametrization so that this expectation is maximized.
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The end.
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