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d(x,z) < d(x,y)+d(y,z)



00000000 (Euclidean distance)

00000000000000000000
n00000020 (x,y)000

dix,y) = | D0k —w)?
k=1

/27



gobooboooogd
(standardized Euclidean distance)

» JO00000000000000000000000000
» JO00o0ooobooboobooboboboboboboo

/27



000000000 (Minkowski distance)
000000000000
» 00000 r0000000000000000000 (O
00000000000)0000000

n

d(x,y) = (3 Ik — vl

k=1

» r=1 00000000
» JO00000:20000000000000000000

» 00001111110 1010100 0000000 3
» r=22.00000000

1
r

Manhattan distance vs. Euclidean distance .
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3205
1000

x 000200
y 000102
x-y=3%14+2%x1=5

x| =v3%3+2%2+5%5+2x2 =142 =6.481

Iyl = vVIs1+1%1+2%2=+6=2449

cos(x,y) = Msliw =0.315
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O0o0oooooono

vV vy

basic k-means algorithm:
1: select k points randomly as the initial centroids
2: repeat
3: form k clusters by assigning all points to the closest controid
4 recompute the centroid of each cluster
5: until the centroids don't change
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DBSCAN

Density-Based Spatial Clustering

O0: 000000000000
(0000O0)0oo0oU0oooooOooooo
ogooooo

oobo0od Eps00000O MinPts

» Core points: 00O Eps 00O MinPts DO OODOOOOO
» Border points: Core 00000000 Eps 00 Cored 00O
» Noise points: 00 Eps 00O Core0 0O OODO

» 00: 000000000000 Db00bDbOon

v

vV vy

DBSCAN algorithm:

: label all points as core, border, or noise points

: eliminate noise points

. put an edge between all core points that are within Eps of each other

: make each group of connected core points into a separate cluster

. assign each border point to one of the clusters of its associated core points

s WN =
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DBSCAN: Core, Border, and Noise Points

05

-05

source:
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Ve ~
/e N
/* Noise Pdint
{ Eps =1
y e /e

! Voo

f ’ .
j Core Po)nt

N/ /
}\ ~N/7 e

L -

MinPts = 4

-1 a 1 2

Tan, Steinbach, Kumer. Introduction to Data Mining
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DBSCAN: example of Core, Border, and Noise Points

Original Points

Point types: core, border
and noise

Eps =10, MinPts = 4

source: Tan, Steinbach, Kumer. Introduction to Data Mining
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DBSCAN: example clusters

Clusters

source: Tan, Steinbach, Kumer. Introduction to Data Mining
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sample_access_log.bz2
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