695 osld ] J..a.e

(GOR abg>
Clustering

V)0
ol debld

f daraei@semnan.ac.ir
https://fdaraei.profile.semnan.ac.ir

STATISTICS

ARTIEICIATS

@;"@n
ﬂ N




&

c;l'/sbéu
ol BIRLIS
Semnan University

O3 o

Intra-cluster
distances are
minimized
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https://www.slideshare.net/sachinnagargojel/introduction-to
machinelearningatsapthgiricollegebangalore
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[ X ] QOa

Object a is an outlier because it does not belong to any cluster.

u).: Lchb o3l @L»L.w JLA

@) O O ®
o . Ooo© ®
Coo Cy
P
0,0 9% 5 oOo
oo G
L J O 0O
(]
+ Cluster centers o. O @Om

Outliers (a, b, c) are far from the clusters to which they are closest |
. . Outliers in small clusters.
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Algorithm: k-means. The k-means algorithm for partitioning, where each cluster’s center
is represented by the mean value of the objects in the cluster.

Input:

O3 o

k: the number of clusters,

D: a data set containing # objects.

QOutput: A set of k clusters.
Method:

(1) arbitrarily choose k objects from D as the initial cluster centers;

(2) repeat

(3) (re)assign each object to the cluster to which the object is the most similar,
based on the mean value of the objects in the cluster;

(4) update the cluster means, that is, calculate the mean value of the objects for
each cluster;

(5) until no change;

10
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TABLE 10.1 Data points for k-means example

A b ¢ d E 4 g h
(1,3) (3,3) (4,3) (5.3) (1,2) 4,2) (1,1 2,1)
5 A
4
3 ® e o o
2 @ Y
. e o
0 i
0 | 2 3 4 5 6

Figure 10.4 How will k-means partition these data into k = 2 clusters?
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TABLE 10,1 Data points for k-means example

A b ¢ d E f g h ml i( L.1)
(1,3) 3,3) 4,3) (5.3) (1,2) 4.2) a1 @2,1) m2=(2,1)

TABLE 10.2 Finding the nearest cluster center for each record (first pass)

Point Distance from m, Distance from m, Cluster Membership 5%

a 2.00 224 C, 4

b 2.83 224 C, 3

c 361 2.83 G, 2

d 4.47 3.61 o

e 1.00 141 o :

f 3.16 224 C, 0 S .

i ?% (l)$ gl Flgu:: 10.5 lCIustcrszand ocn:mids E.Jafwr ﬁrsst pass th?wgh k-means algorithm.
. ! A
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TABLE 10.1 Data points for k-means example

ml=(1,2)

A b d E h
i : 7 m2=(3.6.2.4)

(1,3) (3,3) (4.3) (5.3) (1,2) (4.2) (1L,1) 2,1

TABLE 10.3 Finding the nearest cluster center for each record (second pass)

Point Distance from m, Distance from m, Cluster Membership 54

o Lm 2I67 CI ! F g ISE—

b 224 0.85 G ' | feN(Ce © o )

c 3.16 0.72 G, 2 | i A

d 4.12 1.52 5 O T &,

e 0.00 2.63 (o) L e e

4 3.00 0.57 C, 0 L mmeeeer -

g 1.00 2.95 C, Y ! : o4 5 °

B 1.41 213 Cl Figure 10.6  Clusters and centroids A after second pass through k-means algorithm.
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TABLE 10.1 Data points for k-means example

A b P d E f g h mlI=(l.
(1,3) (3,3) 4,3) (5,3 (1,2) 4,2) (1,1) 2,1) m2=(4,

TABLE 10.4 Finding the nearest cluster center for each record (third pass)

Point Distance from m, Distance from m, Cluster Membership
a 1.27 3.01 C,
b 2.15 1.03 (0
¢ 3.02 0.25 G,
d 3.95 1.03 C,
e 0.35 3.09 C
f 276 0.75 &
g 0.79 3.47 G
h 1.06 2.66 G

No change m clustering
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« {2,410,12,3,20,30,11,25}, k=2
* my=3,m,=4

3 4
- 10 11 12 20 25 30
—— - ili . T + 4+ + .
0 5 10 15 20 25 30 35

. K,={2,3}, K,={4,10,12,20,30,11,25}, m,=2.5,m,=16

25 16
2 |3 4 10 11 12 I 20 25 30
— T g * *

0 5 10 15 20 25 30 35
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v,
e o K,=(2,3,4},K,={10,12,20,30,11,25}, m;=3,m,=18
2 ’ 4 10 11 12 ° 20 25 30
I > —’[l ) G an 4 T l \ ¢ \ ¢ \ g
0 5 10 15 20 25 30 35

« Ky={2,3,4,10},K,={12,20,30,11,25},
m,=4.75,m,=19.6

4.75 19.6
2 3 4| 10 11 12 20 25 30
[_H_"| H—. T ’ ’ ”

0 5 10 15 20 25 30

1
35
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¢ K={2,3,4,10,11,12},K,={20,30,25}, m,=7,m,=23

25
23 4 7 1011 12 20 30

0 5 10 15 20 25 30 35
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from sklearn.cluster import KMeans
import numpy as np

import matplotlib.pyplot as plt
‘%matplotlib inline

Xs=inpranray ([, 3150 [350 3150 [4503 15055731,
(1, 21, [4, 2], [1, 1], [2, 1]])

kmeans = KMeans(n_clusters=2).fit(X)
‘print(kmeans. labels_)

colors = np.array(['r', 'b'])

plt.scatter(X[:,0], X[:,1], color=colors[kmeans.labels_])

(8111610648

35

30}

25

20}

18 |-

10}

0.5

-
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@ K-means
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@ k-medoids
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S anpisen Il b Sy slaosls 4 k-means o 43!
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outher
outlier
22 22 24 25 25 26 26 28 82
¥ >
median (26) m mean (30.08) <
outher
Dgo /
https://www.cese.nsw.gov.au/effective-practices/unit-4-outliers o . ©

(B): Idcal clusters

https://www.slideshare.net/anilyadav5055/15857-csed422-unsupervisedlearning
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T PAM (Partitioning Around Medoids, Kaufmann & Rousseeuw 1987):
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@ k-medoids L

— - 1,2,6,7,8,10,15, 17, 20 — break into 3 clusters

— Cluster=6-1, 2

— Cluster=7

— Cluster=8-10, 15, 17, 20
« Random non-medoid - 15 replace 7 (total cost=-13)

— Cluster=6 -1 (cost 0), 2 (cost 0), 7(1-0=1)

— Cluster =8 — 10 (cost 0)

— New Cluster =15 - 17 (cost 2-9=-7), 20 (cost 5-12=-7)
« Replace medoid 7 with new medoid (15) and

reassign

— Cluster=6-1,2,7

— Cluster=8-10

— Cluster=15-17, 20

25



s
°“"‘"““"'  Random non-medoid - 1 replaces 6 (total cost= -1)
T — Cluster = 8 - 6 (cost 2-0=2), 7 (cost1-1=0), 10 (cost 0)
— Cluster =15 -17(cost 0), 20(cost 0)
— New Cluster =1 -2 (cost 1-4= -3)
« Replace medoid 6 with new medoid (1) and
reassign
— Cluster=1- 2
— Cluster=8-6,7,10
— Cluster=15-17, 20
« Random non-medoid - 10 replaces 8 (total cost=2)
don’t replace
— Cluster =1- 2(cost 0)
— Cluster=15-17 (cost 0), 20(cost 0)
— New Cluster =10 -6 (cost 0), 7 (cost 0), 8 (cost 2-0=2)
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Random non-medoid - 17 replaces 135 (total cost=0) don’t
replace

— Cluster=1 - 2(cost 0)

— Cluster=8 -6 (cost0), 7 (cost 0), 10 (cost 0)

— New Cluster =17 — 15 (cost 2-0=2), 20(cost 3-5=-2)
Random non-medoid - 20 replaces 15 (total cost=6) don’t
replace

— Cluster =1 - 2(cost 0)

— Cluster=8 -6 (cost 0), 7 (cost 0), 10 (cost 0)

— New Cluster = 20 — 15 (cost 5-0=5), 17(cost 3-2=1)
Other possible changes all have high costs

— 1 replaces 15, 2 replaces 15, 1 replaces 8§, ...

No changes, final clusters

— Cluster=1-2

— Cluster=8-6,7,10

— Cluster=15-17, 20

27
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Aol asly glad ades SO A l.o.ao Ailgd o0 s oo o :Hard clustering Coww (gaiudlig>
Ags pd A (S Cogac 4,0 SO L ailes o sLsl [Soft clustering o 5 (gossdig>
S5 e sl asile
Fuzzy c-means (FCM)

https://www.slideshare.net/kanimozhiu/text-clustering
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Soft (fuzzy) clustering
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An autobiography of Prof. Zadeh: )
"My life and work—a retrospective view." Applied i
and Computational Mathematics 10.1 (2011): 4-9.

0

b e Degree of coldness
—— Degree of hotness

Cold Hot Cold Hot

(0.98, 0.02)

O o’
o °
..o°o ..o‘o
e ° e 0 o ° e o0
® °® . /' e® o (0.01,099
.... __,)....
.. A Y (048,0')._) .. ~

https://www.youtube.com/watch?v=xt DMHPVDDKk

* 0 = >
50 Temperatare (C) 50 Temperature (C)

Q

0 100 150 200 250
Value
V

T . lnh% - . .
https://cn.miqpcdla.orp?’ viki/Fuzzy clustering

o
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https://quantdare.com/hierarchical-clustering/
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LAquomerative Hierarchical Clusterinq_]

et
( Divisive Hierarchical Clustering |
, O
y a ©/C
= : = J (&
\._)}_- =

https://quantdare.com/hierarchical-clustering/
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* Generative adversarial networks (GANS). introduced in 2014 by Goodfellow et al.

Random vector Generated
from the (decoded)
latent space image
Generator (decoder) Training
feedback
H ._ Discriminator “Real,” “Fake" |
www.miketyka.com
Mix of real

and fake images
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—> Encoder |- Decoder —>

(1);101"61 Reconstructed
put input
Compressed
representation

https://blog.keras.io/building-autoencoders-in-keras.html

o
]
encoder = decoder
A @ A

i ) = r ]
@

— g

\ 5 ]

~c
@©
=

o i

http://www.inference.vc/stereovision-autoencoder/

37



@ G Abg> aaS o)

c;t'/,béu
ol BIRLIS
Semnan University

O3 o
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Ground Truth =8l sWosls 5g>4 :Extrinsic =, oL ;.

Db o dwslie (Ground Truth) 8y slaeols 5l eolaiwl b (gammaigs « by, (pl 5o
Del oo oolaiuwl guales CoaS S glp ool e las

Ground Truth =8l ool 5g>9 pus : Intrinsic 1o oUj,l .Y
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_ 1
purity(£, C) = Nzk: m]ax|wk N cj‘

* O={w,, ..., wisthesetof clustersand C={c,, ..., ¢} is the
set of classes.

* For each cluster w, : find class c; with most members n; in w,
* Sum all n; and divide by total number of points.
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- = max;
= max;
5 = max;

cluster 2

cluster 3

w; N
w3 N ¢

(class x, ¢
(class o, ¢
(class ¢, c

uster 1);
uster 2);
uster 3).

Purity is (1/17) x (5 +4 + 3) = 0.71.
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@ Rand index : >, ob;)l
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A5 oo oy 0l gassadgs g Ground Truth 8l Gz g ax g L baiges slocias> oy

3z 5o diged Lz, (Ses Sl o
Aiad eSS (goddg ¢ aBly slaosls |0 laaiges i True Positive (TP)
il glae ox8ly slaosls [0 Lol siiwd LS ganabes o lediges x> :False Positive (FP)
il glase (ganmaded o Ll aiwe LSS ABly slessls yo ladiges o> :False Negative (FN)
Qilglase (ganalgs o oa8lg slaosls o laaiges i True Negative (TN)

same cluster different clusters

same class true positives (TP) false negatives (FN)
different classes | false positives (FP) true negatives (TN)

* TP+FN+FP+TNis the total number of pairs: (Tzl) for n samples.
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¢ R TP+TN
Definition: RI = PTTNTFPIEN
cluster 1 cluster 2 cluster 3

same cluster different clusters

same class TP =20 FN =24
different classes FP =20 TN =72

RI= (20 +72)/(20 + 20 + 24 + 72) =~ 0.68
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