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The True Self-adaptive Spectral Clustering Algorithms

XIE Juan-ying,DING Li-juan
( School of Computer Science ,Shaanxi Normal University ,Xi’ an ,Shaanxt 710062 , China )

Abstract: To avoid the clustering results with the local scaling parameter ¢, of self-tuning may be influenced by outli-
ers,and the unstable clustering results from K-means in self-tuning, two true self-adaptive spectral clustering algorithms were
proposed. The two spectral clustering algorithms are respectively named as SC _ SD ( Spectral Clustering based on Standard
Deviation) and SC_MD( Spectral Clustering based on Mean Distance ). They respectively define the standard deviation of
point i,and the mean distance from point i to others,as its radius of neighborhood, then count the number of points in the
neighborhood, and use the standard deviation of point i in the neighborhood as its local scaling parameter,so as to avoid the
influence from outliers to the local scaling parameter ¢; of point i,and the distortion in clustering results of self-tuning. SD _
K-medoids are adopted to instead of K-means in self-tuning to avoid the unstable clustering results of K-means,so as to get
the true clustering of a dataset. The experimental results on UCI datasets and on synthetic datasets demonstrate that SC _ SD
and SC _MD can obtain better clustering results than that of traditional spectral clustering algorithm NJW and spectral cluste-
ring algorithm self-tuning,and are robust to noises,and has got good scalability. The proposed SC _SD and SC _MD can de-
tect the clustering of a dataset without any given information, and the SC _ MD can be used to detect the clustering of a com-
parable big data.
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Iris 150 4 3

Mice 1080 81 2
Pima-indians-diabetes 768 8 2
Soybean-small 47 35 4
lonosphere 351 34 2
Segmentation-test 2310 19 7
Waveform21 5000 21 3
Waveform40 5000 40 3

F2 SD_K-medoids BiEXT NJW F0 self-tuning B2 245 R B 2200

Iris

(RT3 S8 Acc AMI ARI
NJW o=0.5 0.8510 0.7172 0. 6892
self-tuning p=10 0.8807 0.7532 0.7442
NJW + o=0.35 0.8867 0.7331 0.7163
self-tuning + p=10 0.9000 0.7667 0.7445

Mice

Bk 28 Acc AMI ARI
NJW o=1 0.5318 0.0023 0.0029
self-tuning p=5 0.5556 0.0301 0.0095
NJW + o=1 0.5306 0.0022 0.0007
self-tuning + p=5 0.5556 0.0301 0.0095

Pima-indians-diabetes

LS £l Ace AMI ARI
NJW o=0.35 0.6810 0.0676 0.1233
self-tuning p=20 0.6784 0.0731 0.1229
NIW + o=0.35 0.6523 0.0008 0.0023
self-tuning + p=20 0.6810 0.0763 0.1268

Soybean-small

RS 28 Ace AMI ARI
NJW o=1 0.8851 0.8145 0.7823
self-tuning p=15 0.9032 0.8932 0.8683
NJW + o=1 0.8298 0.7322 0.6738

self-tuning + p=15 1 1 1
lonosphere

=R ZH Acce AMI ARI
NJW o=0.15 0.7051 0.0932 0.1186
self-tuning p=1 0.7265 0.2289 0.2016
NJW + o=0.15 0.7123 0.1055 0. 1300
self-tuning + p=10 0.7208 0.2502 0.1902

Segmentation-test

Bk 2 Acc AMI ARI
NJW o=1.5 0.6160 0.6023 0.4753
self-tuning p=10 0.5338 0.5831 0.4293
NJW + o=1.5 0.6628 0.5748 0.4582
self-tuning + p=10 0.6545 0.6686 0.5458

ESES
Waveform21
ik S8 Acc AMI ARI
NJW o=1.5 0.5060 0.3692 0.2500
self-tuning p=15 0.5042 0.3629 0.2499
NJW + o=1.5 0.5068 0.3693 0.2502
self-tuning + p=20 0.5052 0.3620 0.2495
Waveform40
Bk 28 Ace AMI ARI
NJW o=0.5 0.5164 0.3666 0.2509
self-tuning p=25 0.5138 0.3670 0.2499
NJW + o=0.5 0.5150 0.3665 0.2507
self-tuning + p=25 0.5134 0.3669 0.2498
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doids A NJW F self-tuning 52 7% #H fY K-means A~
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74 F NJW  self-tuning ,SC_MD 5 SC_SD B :7E
UCH AR M 31 1 7B 1] b3 R « NOW Bk s 4 it ]
545 ,SC_SD B kATt Al K, SC_ MD 5 self-tuning %
Et I fE e, HAHZE AN K. 3 b S B2 NOW Bk 1
RIESENA N E 1M SC_SD . SC_MD 5 self-tuning 24
() Jry i RO SR ZE 1A 2. self-tuning ST REAR
L RN RIES L o, Tt EAEAS « 555 p A48 EE
B MR TR p NIRRT e A4S « ST AT
PEES IERTFE RS S THEF. SC_MD Bk F i EAEA | HPF
AREA RIS E VR REAS © B98I, SR G AT
A AR R N AR E AR A R RE S8 oy -
SC_MD [t self-tuning (315D THEPFEA T SETAHEA
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AR ZERIA K. SC_SD R B eI AAEAR | ARifEZE(E
RBIRAEAR SRS G AN RIREAS KR, THEAEAR @ 4RI
PREZENE IR E SR oy, - SC_SD 53k SC_MD
SREAETE Z I AR

%3 NIW,self-tuning,SC _SD 5 SC_MD 7 UCI HiRERBRELER

Iris

%4 NJW,self-tuning,SC _SD 5 SC_MD 7£ UCI 3B &£ HITITH/ s

ol sE NJW  self-tuning SC_MD  SC_SD
Iris 0.0145  0.0228  0.0291  0.0517
mice 0.7848  1.3291  1.5965  4.0373

Pima-indians-diabetes 0. 0982 0.2523 0.5177 1.6877
Soybean-small 0.0063 0.0121 0.0049 0. 0067

o BH Acc AMI ARI
NIW >=0.5 0.8510 0.7172 0.6892 ionosphere 0.0542 0.0851 0.1378 0.2828
self-tuning p=10 0.8807 0.7532 0.7442 Segmentation-test 8.6529 13.0308 11.7201 42.7923
SC_SD - 0.8867  0.7331  0.7163 Waveform21 14.6588  63.3561 31.0623 238.4142
SC_MD - 0. 8867 0.7331 0.7163
Ve Waveformd0 14.6964  63.5291  31.2982 233.8996
ik T Acc AMI ARI " A
NJW o=1 0.5318 0.0023 0.0029 4.2 )}PI’%H‘E%%I;"& o -
self-tuning p=5 0.5556 0.0301 0.0095 A R ISR 2557 M e i e M T 5
SC_SD - 0.5796  0.0163  0.0244 £ R15" Path-basedl ™' F1 S1'" | DL & Bifi 1L 4= 1% 1) 4
SC_MD - 0.5815 0.0171 0. 0256 ANHEA D ME PR N TR B 6 B2 Y SCSD AT SC
Do Tabele MD 3% TR SSPERBIEATIN . 45 K0 S VE 20 7 B L6
Bk i Ace AMI ARI 5. N TEHL %4 4E Datasetl | Dataset2 . Dataset3 F1 Data-
NJW =035 0.6810 0. 0676 0.1233 : ‘ ‘
self-tuning »=20 0.678¢  0.0731  0.1229 setd [ ESEI R 6 K7 3R 8 FIK9.
SC_SD - 0.6849 0.0785 0.1320 PBriE g SC_SD Fil SC_MD B RIAEE S5 7
SC_MD - 0.6810 0. 0800 0.1277 AT HARAEE T BT E NIW Bk self-tuning
R TR Fr A R ST TALIET 20 YOO R K64 it
NIW ;:1 0.8851 0.8145 0.7823 ITHEE. 10 JB/R T &AL T DN TEHEE R RE
Self-tuning p=15 0.9032  0.8932  0.8683 SRR PRMA LLER. R 11 4510 T A Is T ] LA
SC_SD - 1 1 1 TR R E L as R
56 MD - 1 ! 1 £5 ZWAATHNMIEE
Tonosphere - - o e
g Py Aec I e GRS AL JEEAEL B3
NJW 0=0.15  0.7051 0.0932 0.1186 RIS 600 2 15
self-tuning p=10 0.7265 0.2289 0.2016 Path-based] 300 2 3
SC_SD - 0.7322 0.1892 0.2135 sl 5000 2 15
SC_MD - 0.7265 0.1870 0.2029 Datasetl 678 2 3
Segmentation-test Dataset2 3000 2 2
ik 2R Ace AMI ARI Dataset3 12000 2 3
NIW o=1.5  0.6160 0.6023 0.4753 Datasetd 20000 5 5
self-tuning p=10 0.5338 0.5831 0.4293
SC_SD - 0.7632 0.6704 0.5895 %6 Dawsell BE%E
SC_MD — 0.7048 0.6299 0.5158 S8 Clusterl Cluster2 Cluster3
Waveform21
ik P Ao AMI AR mean [3,2] [8,2] [6,5.5]
NJW o=1.5  0.5060  0.3692  0.2500 covariance [0~7 0 ] [0~7 0 ] [‘ 0]
self-tuning p=15 0.5042  0.3629 0.2499 0 0.7 0 0.7 01
SC_SD - 0.5044 0.3668 0.2497 # points 300 300 78
SC_MD - 0.5040 0.3658 0.2494
Waveform40 &7 Datasel2 SHR
Bk 2 Acc AMI ARI S8 Clusterl Cluster2
NIW 5=0.5  0.5164 0. 3666 0.2509 gel0,2m]
self-tuning p=25 0.5138 0.3670 0.2499 Attributel x, € [ 2sing,3sind | %, € [ 10sinf,11sing]
SC_SD - 0.5170 0.3682 0.2503 Attribute2 ¥, € [2cos6,3cosf] ¥, € [ 10cos@,11cosf ]
SC_MD - 0.5168 0.3682 0.2503 # points 1500 1500
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* 8 Dataset3 SR

28 Clusterl Cluster2 Cluster3
Attributel x, €[0,100]  x,e[50,60] x;e[20,80]
Attribute2 y, €[0,10] y, €[10,50]  y; €[50,60]

# points 4000 4000 4000

R9 Datased HIESHEK

ZH Clusterl Cluster2
. 3 3 0.75 0.25
Attributel X; e[ “5 ] X, € [ 4444
Atribute2  y, e [Lx 2 L L o +L] v, €[0.95,1.95]
- ! 2! 627" 6 ’
# points 12000 8000

F10 ZEEERS WAIRMBREENREERILR

R15
Pk SR Acc AMI ARI
NJW o =0.05 0.7962 0.8897 0.7858
self-tuning p=5 0.6891 0.8033 0.5642
SC_SD - 0.9917 0.9845 0.9820
SC_MD - 0.9167 0.9475 0.9054
Path-basedl
A 28 Acc AMI ARI
NJW o=1 0.7600 0.5294 0.4797
self-tuning p=20 0.7700 0.5417 0.4921
SC_SD - 0.7033 0.4450 0.3965
SC_MD — 0.7667 0.5380 0.4882
S1
Bk S Ace AMI ARI
NJW o=0.35 0.8663 0.9235 0. 8569
self-tuning p=10 0.9715 0.9746 0.9605
SC_SD - 0.7510 0.8795 0.7698
SC _MD - 0.7248 0.8429 0.7170
Datasetl
AL 28 Ace AMI ARI
NJW o=0.5 0.9868 0.9302 0.9711
self-tuning p=20 0.9479 0.8868 0.9055
SC_SD - 0.9706 0.8900 0.9350
SC_MD - 0.9794 0.9126 0.9544
Dataset2
ik 28 Ace AMI ARI
NJW o =0.05 1 1 1
self-tuning p=10 1 1 1
SC_SD - 1 1 1
SC_MD - 1 1 1
Dataset3
Bk S Ace AMI ARI
NJW o=0.5 0.6401 0.5104 0.3880
self-tuning p=5 0.6934 0.5317 0.4220
SC_SD - 0.7532 0.5614 0.5002
SC_MD - 0.7424 0.5531 0. 4900
Dataset4
Bk BH Acc AMI ARI
NJW o=0.35 0.9999 0.9992 0.9998
self-tuning p=10 1 1 1
SC_SD - 1 1 1
SC _MD - 1 1 1

FE 10 SEEGE5 5L AT WL, $2 H % SC_SD A1 SC_ MD
RAE SN TR 4 RIS b9k RE i i I 1%
Gk R SAA R NIW A 35 W 3 R B self-tuning. 2
H i SC_MD B EAE Path-basedl [ P GERS AR T self-
tuning B 3L 7E e £ R S 80t 19 25 1 (H 2T NIW
TEAE R EE S 500 (9 45 5, SC_SD 76 1% B4 45 i Mk fig
AN SC_MD 1 NJW. #F S1 BCHR 45, $2 iy SC_SD I
SC_MD Sk PR REA UNAESE NIW il [H 35 1 ) self-tun-
ing 15 RIFILAE S AERE S HT ) R E5 R | self-tun-
ing S TE ST HR AL R BRI R IEE 1, VLB self-
tuning FIE 7R 2 EE B I R SHCE , ol DU AR
T R 2R R (H H e A R S BUIR M & B 7E Data-
setl FLHEAE , NJW S 7E 5 RUBE S 80 1 SR 28 1 g e
I 2 H i SC_MD 1 SC_SD 83 43 3 57 465 2 Fnafs
3 (AATEZAT 4 B {5 D, self-tuning 553 7E o fE R
JESHUT A R LS R oA = A R 1
Dataset2 $44E 4 N85 R AR5 10 R 2 MR 48 31 fe
FE BZHR 9 SC_SD F1 SC_ MD 85 B R 75 A T-A] S5 36
131, 7€ Dataset3 $3R 45, #2H SC_SD #1 SC_ MD %3k
[Pk RE 4 0T M AR T 1% GE 35 IR 2T NIW R0 38 i 2R
JH Y self-tuning 78 H A R E SRt i K L5 0. 78
Datasetd $#i4E , $2 Hi i) SC_SD 1 SC_MD &3, L &
self-tuning SRR S T e RIS LE R HER 1) SC_
SD 1 SC_MD B3k A 75 BAT AT 48 B (5 8., 1fi self-tuning
BIE RSN Z UG, i FE R ERIE S

DL BN TR B 5 0 R 2R &5 R Wi 48 7, $2E 1
() SC_SD F1 SC _ MD F3%: ¥ Re A %50 & BREUHR 45 I A
O3 A S A STOBUHE AR I R R A
NIW FiI self-tuning 5535 73 51 78 H 8t ROBE S 5500 1) 2%
K4 AL, SC_SD H1 SC_ MD & B 75 7 BLATA] 56
AT OL T, BTSSR R R 3R 5 AN 1.

11 X TAEIE V-7 0 ) H A s, NJW
BB AT )R D AR S SC_SD B3k as 17 i ) Fe
K, self-tuning 5 ¥ 7 MLAR 2 /N R15 | Path-basedl Al
Dataset] $g84E 012 1705 (8] 2> F$2& 1 (19 SC_MD 3k,
HR MR A MUASE [ T, $2 4 A9 SC - MID B33k A e 8
R P LE self-tuning 5503k AU S5 T BE I

F11 SEEEFES WA THIEEETHE LR/ s

g NJW self-tuning SC_MD SC_SD
RI15 0.0558 0.1313 0.3111 0.9481
Path-based1 0.0163 0.0372 0.0782 0.1796
S1 16.7654 72.8985 36.0284 289.0124
Datasetl 0.0757 0.2027 0.3954 1.1348
Dataset2 3.8750 16.3372 10. 8242 73.3479

Dataset3 458.7754 1079.4568  725.3401  3551.4015
Dataset4 708.9174 7419.2738 1539.2134 19541.2680

FT G AT DL, 7 [R) Aiof 25 1 e S50 J3E A 2R SR BIOCR 1 1
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LR, SC_MD JEAEE 15 R A k.
4.3 BN

AT 1 SC_SD Al SC_MD vk &
PE, Ik, BEHLAE SRS Jy 1000 + 5 1A 5 AN — 2
NTEARAE SR A RS8Nk 12 piR. 7 A
HEH A SC_SD Al SC - MD 533 A8 ek, %o a4 11 o
[ 7% C3 IMAMRM —4EE 85340, ME R [6,6 ], A2z
FL1, 1] R M5, M B IR IR N 5% . 10% ( 15%
20% 25% 30% 35% 40% 45% , 133 9 4~ Al ke

R R LEBIEFRE AMI FIARI, DL K 525} ] 38 5 3
B 435 NIW iR E S8 o =0. 35, self-tuning
R EAESE p =20, P ATERAERIES R 217 NIW
self-tuning £ 20 K, f HOF- ¥ g 5 42 1 9 SC_SD Fn
SC_MD Bk EA 7 HLER. B 1 SR 4550 1k i 2R B A6 b
EFNZ 1T B He 4. 2 13 J& SC_SD Al SC_MD ik 5
NIW + Fil self-tuning + -3 X J5L A AN 55 W B340 4 1) 52
LRt 11 By g e
F12 SBEERBRATBEEERSY

oW R ES A . B TP IR AR 1) H Y2 (A S Ml FiE 2 W 5 o 2
AW S T 4 R R 2 A8 S G N RS cl [3.,9] [1,1] -
JE DG B G0 5 A o M 1) 5 e P B 2 [9,9] [1,1] -
TEALHE IR A B 4R 1 3L 10 A HEE Sy 1000 + 5 A9 A 3 [6,6] [0.6,0.6] [1,1]
TREE 5, 2 a8 17 58 ) 58 4 I N A O R R c4 [3,3] [1,1] -
$3% SC_SD A1 SC_MD, P J A% 5 1% 5 257035 NIW FiI cs [9,3] [1,1] -
38 N SRS self-tuning, Pb A £ B0 125 1 SR 2R HERA
1{ 0.96 300
N P 0.948 0.954 250k o B oy o
L0 0.92 4 » 200 %gg,&%
1 4 = 3 = 09 ©
< -=-SC_SD N <Et 059 ﬁ § E150 iselﬁtuning
09} -sC_MD 08| o SC MD 085 | - SC_MD 1 T oo o NIW
—a-self-tuning A .86 | & self-tuning & 7 [ -a-self-tuning 8 508
0.85 - NIW ' - NJW of 0 -+ NJW = e
03 10 152025303540 45/% 340 5 1015202530 354045/% 0 5 10 15202530354045/% 0 5 10 15 20 25 30 35 40 45 /%
I L 451 I L 451 I Eb 51 I L1451
()R HER 2 (H)AMI (c)ARI (d)Runtime

[#1 SC_SD. SC_MD. NJWHlself—tuning 8 y: e MR 529645 W LA

1(a) . (b)F(c) R 25 048 7 42 H Y SC
SD 1 SC_ MD 5303 Xof M ELAT JF 5 5 1) 5 1, L3R
FEUERG R RISLE R A8 bR AMI FI ARL B0 T 15 48 1%
FRE R NIW A E & 0 1915 R KB self-tuning. SC_SD
1 SC_MD (B EPERER L, SC_MD B3R K UER % ]
JE5 AR bR AMI Fl ART g4 F SC_SD J3k. fE 5 ik 3
FBE NIW FH 38 N 5 R BB E self-tuning 34 57 3|
TR, HAEMR LIt 20% i, HIER R4 L 2 fa Ay
2%, self-tuning B35 /) M RE 22 52 i K, JLER 45 R
HE ARG NJW Bk, fy g nl O, self-tuning 874 57
M B2 A AR K.

B 1(d) B3 t7 i ] B s 7, 45 93035 i e S 1
ANZ AT S AL G RS TL NIW (s SIGH B e P
FEH ) SC_MD FRAUR T NIW, self-tuning 5532 [ Y
S BE AL H SC_MD 8 38 — 4% #7244 i SC_SD &
TSI R F 12

13 e R R $ 1 Y SC_SD A1 SC_MD &
2 AEARTE BT I AR B 5L, U T % 4 )
R Rl & SC_MD 3 1 SRR & SC_SD
SC_MD NJW + F1 self-tuning + i I A P & CHT,
X EE 1 FTRE) SC_SD.SC_MD NJW FI self-tuning 7£

10 ZH AN [R] B ] 5 N T ASE 400K B 4R 1 S B 45 2 — 2L
VIR Sy e, i W14 i SC_SD Al SC_
MD B,
13 SC_SD.SC_MD NJW +F0 self-uning + ZE5 12 S84 B A
TERFHIEENIRER

ER7N 28 Acc AMI ARI
o=1.5 0. 9466 0.8707 0.8653
o=1 0.9496 0.8762 0.8729
NJW +
o=0.5 0.9584 0.8931 0.8952
0=0.35 0.9686 0.9134 0.9211
p=5 0.9814 0.9400 0.9536
. p=10 0.7568 0.7644 0.7083
self-tuning +
p=15 0.9834 0.9434 0.9587
p=20 0.9840 0.9449 0.9601
SC_SDh - 0.9818 0.9404 0.9546
SC_MD - 0.9846 0.9463 0.9617

4.4 (REEMENIX KL

T INIAAR i 9 SC_SD A1 SC_MD RL 2B R A
AETE R 3R 3R 12 S8R0 7 AL 53 2 1000 + 5
=5000, 1500 * 5 =7500,2000 * 5 = 10000,2500 * 5 =
12500,3000 # 5 = 15000,3500 * 5 = 17500,4000 * 5 =

20000 fif AN R N TR . AE3X 7 2R 5 00 i)
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BATHEH Y SC_SD Fil SC_MD B ik, DL K A% G ik B 2%
Sk NIW 18 35 SR 2SI self-tuning, NJW {1 RUEE
Z4 0 =0. 35, self-tuning ) RES K p =20, %S Kl

) 0.96
q 0,943;51% o AN
T 02| =SCSD

= -6-SC_MD

—

ARI
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0.88 ¥
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1 0.844
5000 7500 10000 12500 15000 17500 20000 5000 7500 10000 12500 15000 17500 20000
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4.3 T E BRI RS, 25 A 1 RS HER R R K
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| ———— S - - -=-SC_SD
095 = SCSD A 3 o scMp
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NIwW ¥ A
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5000 7500 1000012500 15000 1750020000 5000 7500 10000 12500 150001750020000
AL FEAEL
(¢)ARI (d)Runtime

€2 SC_SD. SC_MD. NJWHlself—tuning 5 p (g S 45 5 ik

2(a) (b)) F(e) B i 45 50 1k i R K HEmf R
FRLEH e b AMI FI ARL 5206 45 5 %% B, B2
SC_SD F1 SC_MD 5k i R AR IE % 47, H SC_MD
FOIRTE S BIR N RAERE RS T SC_SD Fik  H )2
RS RIS P NIW I H & i R 2 self-tuning
FEAS [ 2 19 R R AURAR AR , UL self-tun-
ing ByEAEH ARRAE. BT WL, 48 SC_SD 1 SC_MD
BRI PERBIL TR Ge i RIS NIW 55 |1 35 0 i3 2%
JH P self-tuning. 43 M7 I K 7E T+ $2 14 9 SC_SD F0I
SC_MD Bk & 58 4 [ 3l N B3 R B TREAR I
FEAOM MG B, BB N 3R B 538 W R R E S8, H
FERISH B F A0 2 19 SD _ K-medoids 57508 T 1%
UG R AT NIW I 8 W3 SR 2 self-tuning fiff
FH K-means 3%, AT £ SC_SD FI SC_MD 5k (1)
R B R B A AR W SE B 43 A . NIW Fl self-
tuning FVE 9N T REESH R B B K-means 1
INTRAEEE R AT, 1 HRE S B0 R L5 1w
AN R €T SSIR TR NTTE ) R

2(d) RF AR T H] 1 A 8w, SC_ MD
VLA NIW G955 22 0 SR 2R i) 8] de 2D, B3R 2 ]
(WCSGE ) JLF- AN 32 B i S A 52 ). self-tuning 1 2R
JE I} [A] ZE R AL MU ER 1 10000 1), A7 B S 384 Jonn. 42 1y
[ SC_ SD 533k 11 5 2 Bsf 1) [ o5 5 i 42 JASE 348 Jon g 184
K. el W, 48 ) SC o MD Bk AL GE ik R 2k
NIW () e 45 2 S5 -, P 40 ) F R B0 2R 28 (12 NJW
FILMRBE R ERM T HRIESH o, HERIERE
TEAS QN H R 58 4 [ B I A3 SR 28 SC_MD.

LA R 2 SERAE S A B R L, 4 Y 5 4 S N
i B Rk SC_SD il SC - MD [ B K3k 5 4 % T
gt A H L NIW R 38 1 3% R 8 B35 self-tuning,
BB ST 4% [ 38 I Hh & B[] B ASE 500 40 42 1) B S 0 AT, T
L& SC_MD Bk B AIEE AF i b4 vk, o8 4 T4
KIBEELE 1 R I HT.

5 #Hig

P T PR SE 4 B I LAY TR SRk SC_SD Al
SC_MD, 73 JILVREAS i BRifEde std, RAEAS i@ BT A FEA
MM d,,,,, AR IREAR, DAIREAS @ 9 40 b ofiE 22
o G L A SR ¥ RS 8, e o AL T B i 23 A
H AL R TGS R TE NIW B RUE S/ 2N
HBCE, FE N RIS self-tuning 1) Jey # RS 8L
S0 B T AR AR WA LT BN 48 E Y i B 5 TR I LA
SD _ K-medoids 57 % fQ 5 11 R H 3 1% P Y K-means 5
5 R D 1 35 SRS IE M R AT ] .

UCH B8 4 AN T8t A S ik, DA B
PR A 52 30 AR BT, 42 H 9 3 2R 28530k SC_SD
1 SC_MD HA M HEH: (1) REPEREM T 481l K
JEFE NIW A0 3 N 3% R 1% self-tuning;; (2) X 1
HRE BA AR 1S A RS ROR FI R IS 8] A %
W SN 5 (3) BA R A 4k, RSB A = B
SRR 5 (4) SC_MD FEik A UR KA 4 HR K
IS 1) JLP-AS 32 K dia 2 BUBLRZ I, 3 T 6 BB R MU 2K
E/EE DRSNS i
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