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Formal statement of the clustering problem

-
=  Given N data points, {X{,X,, ..., Xy} € RV*P —s Xy = [ YW \NVJ
= Find k cluster centers {ft1, Uy, ..., Ux} € REXP

" And assign each data point X,, to one cluster k such that 1, = 1and r,; = 0 for j #
k (1-of-K encoding)

" Such that the average square distances from each data point to its respective cluster
center (distortion measure) is small:
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Formal statement of the clustering problem
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K-means algorithm revisited

= Step 1: Keeping iy and computing the squared distances between X, and g, we can
optimize the objective simply by assigning X,, to the nearest cluster center

{1 if k = arg min||x,, — p |13 CLUSTCR.
Thik = ]

0 otherwise A SLIGNMONT

" Step 2: Keeping 1, fixed we can optimize the objective with respect to u;, by setting
the derivative wrt to u, to zero
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K-means algorithm example
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Dataset: X [=

Cluster assighment: R =
T

Cluster centers: M = ﬂ;
V.73
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K-means algorithm: Step 1
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Keeping u;, and computing the squared
distances between X,, and u;, we can
optimize the objective simply by
assigning X,, to the nearest cluster
center

1 if k = arg min||x,, — ﬂk”%
Vg = J
0 otherwise
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K-means algorithm: Step 1
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K-means algorithm: Step 1 B

feature 2

CS4641B Machine Learning | Fall 2020

feature 1
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{1 if k = arg m_in
Thk J

0 otherwise
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K-means algorithm: Step 2

feature 2
X1
o X2
O
X3
%
|29
%
H1

CS4641B Machine Learning | Fall 2020

Keeping 1,5, fixed we can optimize the
objective with respect to u;, by setting
the derivative wrt to i, to zero and
obtain
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K-means algorithm: Step 2
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Practical aspects of K-means: data range
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Practical aspects of K-means: distribution
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Practical aspects of K-means: selecting K
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