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Final Report
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FIGURE 10.6. These four data sets have identical statistics up to second-order—that
is, the same mean p and covariance X. In such cases it is important to include in the
model more parameters to represent the structure more completely. From: Richard O.

Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by
John Wiley & Sons, Inc.
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K-Means #%: step 1

Algorithm: k-means, Distance Metric: Euclidean Distance

5
IS *
. S Ao’
T e
¢ TS
3
TS
TS
2 ® ¢
* N ¢
. IS
1 * o
* ¢ o
o TS
*
0 T T T T



Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means %: step 2

Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means {%: step 2

Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means {%: step 3

Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means /%: step 4

Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means /%: step 4

Algorithm: k-means, Distance Metric: Euclidean Distance
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K-Means #%: step 5

Algorithm: k-means, Distance Metric: Euclidean Distance

5
o~
c ¢ ® o
o . ®
i ®.
= <>1
5 *
S 3
£ ¢
c *
2 -
o v
= *
n * @
b & M .k‘
2 * e
o * L 4
5 X o« ¢
0 T T T T
0 1 2 3 4 5

expression in condition 1



WRE 2 5 AR >

AJ1: NEDO T =& 5, i=1,---, N

1 cfdor 2% D, j=1,---, ¢

Oc EFELWIIRBUCHIt co =n, Di=x;fori=1,---,n

®c=c-1

© HAIZH - bW T FRZDM: D; & D ZIRIE

o D; t D; #tE

@c=c ERIBET2MH#EDIERL

6 cllnr o7 x&2%EHT



N

W 2 5 X&) >

yraZz'o A

X X X3 5 X7 Xy

il U fife

80
70
60
50
40
30
20
10

0

oW

27

SeNS Wk wba

Ltk el o

similarity scale

FIGURE 10.11. A dendrogram can represent the results of hierarchical clustering algo-
rithms. The vertical axis shows a generalized measure of similarity among clusters. Here,
at level 1 all eight points lie in singleton clusters; each point in a cluster is highly similar
to itself, of course. Points x; and x> happen to be the most similar, and are merged at
level 2, and so forth. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Fattern
Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 10.13. Two Gaussians were used to generate two-dimensional samples, shown
in pink and black. The nearest-neighbor clustering algorithm gives two clusters that well
approximate the generating Gaussians (left). If, however, another particular sample is
generated (circled red point at the right) and the procedure is restarted, the clusters do
not well approximate the Gaussians. This illustrates how the algorithm is sensitive to
the details of the samples. From: Richard O. Duda, Peter E. Hart, and David G. Stork,
FPattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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FIGURE 10.14. The farthest-neighbor clustering algorithm uses the separation between
the most distant points as a criterion for cluster membership. If this distance is set very
large, then all points lie in the same cluster. In the case shown at the left, a fairly large
o leads to three clusters; a smaller dl,,, gives four clusters, as shown at the right. From:

Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification. Copyright
© 2001 by John Wiley & Sons, Inc.
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IEFEE G E (Normalized Mutual Information:
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Z ¥ F$E% (Rand Index)
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F{HE (F measure)
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database i processing
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Jégou, Douze, Schmid, Searching with quantization: approximate nearest neighbor search using short codes
and distance estimators, INRIA, 2009
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