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1.2.1 B{HAs 5

o+ Minkowski B : HS02 L, norm. ZJEHNHE, X = (11,79, ..,2,), Y = (Y1, Y2, -+ Yp)-

d(X,Y) = /(e =)+ @y — go)lo + o+ |, — )0

Manhattan FEES: Minkowski, q = 1 4.

d(X,Y) = [(zy —y)| + (@2 = y2)[ + . + (2, =y,

o Euclidean JiE: Minkowski, q = 2 45 .

)= @ — y) 2+ (@ — 1) 2+ o+ |(m, — 3,2

o supremum FFE, WIYJLLE RIEE, ¢ — +oo

Mahalanobis JEE: NNEHE W = (Wi, W,y wy), FEEHT  Gaussian  Mivture
Model(GMM)
A(X,Y) = fwn* |2y = y)le +wy %] (@ = )7+ o+ w, 5 |(, — )|

Note: HHEEIRFHFERIR IR 50, SHFERIRELLR, 7, = Sopens
1.2.2 — AR &

unpaired features

dXY) = unpaired feature + paired positive

Note: N4 EHEEHZE paired negativae, [~ paired negative 1iiIRZFEHIRA T E
P, IBXFERRPERT AV B 21, ITHE BB 2B L, IIAARH &, Ukl Jaccard $i
W, AR FRA Jaccard distance.



1.2.3 5 g

o fAjEADLHC

paired feature

d(X,Y) =
(X,Y) category number

o DIARR A, RIRFZRITAH,

1.2.4 HFFA&
2 E Level € low, middle, high, ...

1. H1,2,...., N EX level {E)F.
2. Xt level 4T 2 score FrifEifk .
3. & level ) Minkowski JEES .

2 REHIL
2.1 Hierarchical methods

FEAWFPEELE: agglomerative Fil divisive, ] DAFEAE N B 1M _E3% (bottom-up) I H k1
T (top-down) . H R LA, B2 —FFHBANME (object) #Hg—13, AREMRIELY linkage
TSI, BJEER—A" 27 o B B FESR Rk, —FHRIra MERE T4 28, SRER
i linkage HER RO, SIGEDMEERBCH—A" K7 o WM EAR BIA RS20, R
SR Y R e EAR R R AR A A S AR AR 27 N, kB TR R H B T E A2 B R L
PR, =TARYE Linkage HIWr” 287 fy 0y vkl etk FArie SIS eis . KRIEENE. PR
VL SIS (L PR A e i s A ik, — T R L R A1 B
i AR R GER RS ), Hierarchical methods H [ Hi 5 vAA BIRCH
(Balanced lterative Reducing and clustering Using Hierarchies) 3% &7 AR & AR KA gl
J, 1 HAPEZEAE numerical; ROCK (A Hierarchical Clustering Algorithm for Categorical Attri
butes) 7= ¥E categorical FEHEZEA | ; Chameleon (A Hierarchical Clustering Algorithm Using
Dynamic Modeling) B H #f#) linkage /& kNN (k-nearest-neighbor) 3%, 3 DAY &—4> graph.
Chameleon [RIEHERPANAEF R, b BIRCH &M, HizFHE A EMRE.



e example
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2.2 Partition-based methods

FOF PRI R UL, MBRARE —HEHUR TR ERE, R REHCR IR RN S 2%
I, KM AE R o e VRE E X RS E R BULZE, SRR LA SRR A L
A R R AR TS R i R U5 (heuristic algorithms) 458 i MBOE U EE (iterative
relocation), B 3|5 /5 8" KN AERREIT, JME PSRBT 1 HARRCR . Wik 2R e
)7 B AREE”, R T k-means B¥E N HAMAR RS k-medoids . k-modes . k-medians. kernel
k-means ZF5¥E . k-means XTI E X BERBUK, BrPAA T k-means 1. intelligent k-means .
genetic k-means; k-means X} M FI B HHMEAEE U, BTPAH T k-medoids #] k-medians; k-means
H T numerical 288055, A& T categorical 258U, FFPA k-modes; k-means A REf#
4B (non-convex) %#E, FrPAH T kernel k-meanso 54, R EZHFLERFF AT Partition-based
methods ELE M T AR RHEEE, HRINMBAMEDSE B2 17, AR
B, BRSO, A T RER AR/ .

e example k-means

Lo K APIai, HIRBCORELIESERIAT, B —12E.
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SE) o

4. HH 2. fl1 3,

5. EB B OATE R A AR A I B 2R R R AR



2.3 Density-based methods

k-means IR TAFNIEZRII RS . T28A T Density-based methods 2 R GE X 4 1]
o Z 7 R BT M P AR ) A B P AR o LR PR R FR G, b E S, A2
MR EAE, — A B D AU K saE— R, #ig— 128, DBSCAN (Density-
Based Spatial Clustering of Applications with Noise) s 2 Ry #LA A iS50k & W24 1
B X AN SRR E AR UK. DBSCAN g9 J&n] OPTICS (Ordering Points To ldentify
Clustering Structure) i JexT B % (high density) YT R, RGHRIEEHEENELSKES
¥, M%7 DBSCAN HIA R,

e example
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2.4 Grid-based method

e example
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2.5 Model-based methods

XI5 E TR AR TR A 7 SRR T e M R T3k, JEHE AR AR
W o % LS - SRR A AL S (generative Model), [al—" 3¢ {4 J& T[]
— PRI AT XA TR LSRR 2R IR AR AT YRR, iR MR AR, 2R
WALt AT A ROk R s HECHR IATRCRA S, Rl o MR R E I R R R
. b, iR R RS mHR AR (GMM, Gaussian Mixture Models), S
M M 2R 1) T 95 T2 2 ke 4 SO(SelfOrganized Maps) T .

3 Data reduction

WAttt (data reduction), XAFRAY optional. HSLEE —Ho e I AA L5 1Rl X B i
T AL, A1AR AL BRI BE Sy, i BIRCHO., (HHSHRATDMER A, FreAie
BRI B T EE A TSR B B+ LR SRR &, AT B A EA T

o 75 (Data Transformation): BEUEH 28 (Discrete Fourier Transformation) AJ PAFEHL
BAHRRHE (frequency domain) {5 5., BHEUMEZ#: (Discrete Wavelet Transformation) [
THERZ A, B P PASREE B (temporal domain) {5 5.

o [&4E (Dimensionality Reduction): FEREZEN) ik, PCA (Principle Component Analysis)
F1 SVD (Singular Value Decomposition) £t H Y, %22 &) 2N . 861 MDS
(Multi-Dimensional Scaling) f+ 4K, Aid Hg ol PCA i)— M kg, LHRIEGE 2P EAR
e XU IR IR E 2 TOEAL BRAE SR ] R8s . AL BRAE PR 2 F 220
JE4:>) (Manifold Learning) , iX MJg—RKILNZ, BRI H# WA AR ISOMAP | LLE
(Locally Linear Embedding) . MVU (Maximum variance unfolding)Laplacian eigenmaps
. Hessian eigenmaps . Kernel PCA | Probabilistic PCA 24, XM 4iAr SN
E AWV AZETE S (Spectral Clustering) 325t Laplacian eigenmaps X 5% 4E
(TR ML, SR ST B 40 J AT H2 RE P SO (U REL R , P48 Laplacian FH [, P
Laplacian #i[FEHERHE/ M, $8E/DE K ANFAERESITE—E) , RSP k-means 58§
Bk, ERB RN, ROREE L k-means B, THEE ARG, XEREINI T
HERPER]

o it (Sampling): fH A RENUAIEE (Random Sampling) , ARVRAEHEERHIIR, BE
PR SR RE B B B IR Ak i R i Ak . Hean CLARA (Clustering LARge Appl-
ications) 2N k-medids WA T RIBREIELE, FrAR A sampling 177k



4 result asessment

X RIEE RN T3k BT A2y A NIl 4 (internal evaluation ) 5AMMIFAGI 4 (ex-

ternal evaluation).

JIH AN PR 7 o FETE R LS AR % (ground truth ) YRS OL T ORIEANRREAE R EFIR, —
FEORULAEMOE S, B A D i R E R, #A] DA AN PR R e e — AR R L ) R e
Ei LI/ RN VAR S e N 2 g WA 046 e i

JE N R AMEB TANTE R, AUV R SRR AR AT IR, 5 LA e i &
¥t (Silhouette Coefficient ). Calinski-Harabasz Index 2. —f3Rii, 15584 %A PR Sdm a1 o
TSR RAE S AR SR PG SR R LTI

41 SN

o WRLRE (purity) SHEMZESMIE T, JO A B H R EIEREE BRI REASL,
R M AR A HER

p_ Z max groud truth number in cluster k

- total number

¢ Rand Index

EXFE (cluster, cluster result), 28 (classification, groud truth),

precision, YR BT FHMA 220 )2 FLA P
Recall, TR ZRMBAME, frdknl 720,

TP = Al
TN = R R
FP = R 00K
FN = %5

B TP +TN
 TP+TN+FP+FN
TP
TP+ FP

RI

Precision =




TP
TP+ FN
(8% + 1) (Precision * Recall)
B2 Precision + Recall

Recall =

FB:

TEXH RIFI Fy WPUETL RIS [0, 1], BORFORFERRCR L. —BNHBRZE F1, X
Hp=1

o YHHEEZfEZ L (adjusted Rand Index)

Zi Z] (HQJ) - [Zz (az) Zb (bgj)] (g)
[ sG] - [S65,6] /6

ARI =

FE A FE=A cluster FAURIMHIN 5, 1, 2. B AE=AS cluster BS54 1, 4, 0. C FE=
A cluster HPEES 518 0, 1, 3.

G +G)+E)+ () =20

2.9

20 — 44 % 40/136 B
0.5 % (44 +40) — 44 % 40/136

ARI = 0.24

12 AT

WP AR B AR EE TR NS, SRR R B, Uk S a5 SOR

=

o HEFZRE (Sihouette Coefficient Index)

b(i) — ali)

) = a(ale), b0}
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o Calinski-Harabasz Index(J5 22 HifE )
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e Davies-Bouldin Index
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