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Dimension reduction of nonlinear manifolds by Kernel Graph Laplacian Features
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Spectral clustering is used for clustering nonlinear manifolds. The better the performance, the better the distance between

the clusters. However, as the S / N ratio of the data decreases, spectral clustering does not work well. This is because the pre-

processing in spectral clustering is based on the assumption that the clusters can be sufficiently separated from each other by

parameter adjustment. Therefore, in this paper, we propose robust preprocessing to S / N ratio by kernelized graph Laplacian

features (Kernel GLF). The GLF is a linear transformation that brings each other's data with high affinity closer and keeps each

other's data with low affinity away. The results show that Kernel GLF can convert nonlinear manifold into linear structure. By

clustering the pre-processed data with K-Means, it became a more robust algorithm for S / N ratio than Spectral Clustering.

1. [ZC®HIC

ITAZY T TOFMNTTIR, MG EIRDT — 2 OREEITHE R
I BLZ T DD, T —AENRIERG 1L, K-
Means[1] CI T AR TEATV, KT TAZ E S DI LM ]
WChD. —J7, T —IEIENIERIE GBI TALY T %
111X, 7 — Z T ER 2 6t U CRRIE 40 Bl T RE 70 A 1~ D
WML D, 2D L5 T VAU XLELT, Spectral
Clustering[2][3]23EHIHFL TS,

Spectral Clustering Clx4-7 —# R LORERIEND, T —4
MIOBEMP A2 RBLLATAERZITH. ZORPLEECIE, £ TAH
BT 27 —#FLIFTERSEDLIENAHETHD (BIlELT,
IIAL 1 DT —Z3(1, ODEEFEIZ, 7TAF 2 DT —H13(0,
DOMEIFIZAEAATRE), ZEARHRICL TND. £ DT O RITALE
BT =213 K-Means THBERTREL7RD. LIPLYTAZD SN
MR 72 L, Bip 7722 289 57 — X MO HEEEN TS
&, RA—2I722 @+ 57 —# M OB IO 72 2.
FD XS5BT Spectral Clustering 38 35 &, 8 C# 4
L7120 T AZINTELIHAERNBIND. ZHULATLERIZ IS
DREMRET T 72002, B/ 22 @357 —#F L
NIETRDOPRER L D2 LA L BEET D7D IS, SN DV hE
YA THNTA—FRELLY, RIpDITALET DT —4
R L OEEEZEET 2N TEDD, ZIUTIFRIRFICFE— 7T AZIC
BT 57 — 2R LOERFLEEL TLE). 2D EIZLD, SN
DIKRNT FZAZE L& 3BT 255072 Bl AL BRIX Spectral
Clustering D2 TIXE#EL725.

TOTLG, ZTAL MITA ROFEREAR &5 2 LA RITRICATAL
AN LB RS, ZOIIREETIE, HUEOmWT —
SRS, EREORWT —Z R LHES 5L E
BT B ENEETED. ZDXH T ATV A ANITIL Graph
Laplacian Features[4]23>%.

Graph Laplacian Features(VLF: GLE)I, JEEE D EWT —4
[Fl L% HfE D2 — )y NEREZ TSI 5L E, ZBEDT
— B RO EE IR KRICT HIEEHIFINI L TT — X ORIEE
WAATH. BB OT —Z D WA RKNICTHIEIE, FALlE

DIERNWT =2 FED2—2)y FEBEZ RS T EIE-T 5.

RS AT EiE, TR RS M, T 163-8677 BN
OB A X VH BT E 1-24-2, 03-3340-0103 , E-mail:
takekawa@cc.kogakuin.ac.jp

GLF (X2 D&M a 7o 3 A AT 55 EAA EFEOfEE LTS
LIET, THEMIBERT L. LIohioTC, T—HHOEN
N&ZIELUIZATLELA FIREE 203, JLT — X DMIEERTH
DU L, FERR G A L DT — A DR 4 B AT HEZ A I~
DIEWTTERV.

FIT, BT —H ORI E ORI LE LT HILE T —FIL
{bL7= GLF ZREL, T — XM OB LIERIE 2 SR D
FHEFREL T DAL Z R A%, Z LU CRMLE DT — X%
K-Means CHFEL, FERIED D SN LEDOIKRWTFT —H|Z%9 57
FAKY T DR BRI R FET .

2. Kernel GLF ®E =1t

21 GLF =
GLF [3E LTS

2
_llxi=x; / }
o2

IZ&o T, BHtE DT —2MICHiIFZ G525, ZZTHND,
0 I ARTA=FTHOFEMIL 2. 3HITHERD. Fi-

Vl/uze{

D Wy i=j
Dy ={% L=D-W
0 i#j
P = diag(Dyy Dpy)/tr(D)

R¥

ERL, OO TR B EX L T,

7“‘ — X KXmxn = {xl xn} % ’leﬁ j’ﬁ ﬁi vl Amxd =
{ar - AgHIE S TRIBEBLTZT — 2% LY n = ATX T 5.
ZORf, —2HORIKE

n n n n
2 2
6@ =" Y=y lFwy =Y > [l47x - 4wy
i i

LEFRT D, ZOEE%Emin g (A)f7- T AT IIELLE )
B NEE BEHEASES< IS (SRR
ZOoOHDHIKIEY = X yviPy, X = X x Py kLT,

n n
co(4) = E My = yl7P; = E A x; — ATx[I?Py
13 L

gl



4Rin1-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

LIEFRTD. :@k%mj\xcz(A)%?ﬁf:ﬂ"%ﬁﬁﬁﬁuliiﬁ@l&f
DMV EREEAHET IO IC/ER 2.
filfcy, c,DEAECERIRHITATH 7201, BB AE
Cost(A) = Cl/c2
LEFL, max Cost(A) DL L TEBITIApxadRDD.
AL

2.2 GLF ®Ah—=)L1E

5:“Pq&men@4%‘:?‘%/(%/\07]\/1/%’——’c1>r><n ={¢: Pn}EL T,
P=2TPPy, Py =P —QLEFRTD. ZOREWBLOT
— B %Yy = ALy (@ — §) = ATRLT 5. ZLTA%R, DO}
FEFND LY Bpsa = (b1 ba}e, PITE AT DAY Ernqll
TS, j—ékﬁ“*/VﬁiﬁK{j = (¢;, ¢j>%ﬁﬁb‘1, Eij =
(5;(51 = Kij — 28 KisPss — Z?Kjtptt + 28 27 K Ps Py EL,
Yaxn = Brfxdknxn%ﬁ'%‘é-

ZOrE T ODOHIKIIL, ;(B) =2X¢bIKLKDy , c,(B) =
YOI RPKD 725728, RO LI,

dpTEpR
_ bIKPKby, /
Cost(B) ‘Zk BTRLRE, ©
LA, ZITIGTIV a R EREIEICLY,
L(bx, A) = bLKPKb;, — A (bEKLED) — 1)
OL(by, Ax)

abk =1?Pkbk—lk1?Ll?bk=0

Epkbk = AkkLkbk @
L0, AE DA T MVbIAB, g DEFR LS.

2.3 INTA=HRIZDINT

Kernel GLF I[ZBND/NTA—H(L 3 DL,

HLE DTG A—H ¢ ZRODHITEE, AT X122 IRL
7o, FOHFIEL, T —FDOIBEHKENTA—ZELTH 2, 9
RCOT —HTET —FPLKERIZENT —Z HeDa—7
Vo REEBEZ RO, TIOO N E JRFTINRT —Z DK EL
TR o b5, FUEIDY, T —XE DN T E ) E T
R E 2D B )57 TNA.

R X0V v e SO ORIE NG PREF v/l

S IRPRY, o A bIRLED, _i
i b[RLKb,  £s bIRKLKb, k

L7220, dEOBEAEOREEEAEOEDEEN,
B2 FHHRINDKEIIRDIONT dEEDD.

=NV DT A—=F DR E T TETITH. £z, h—F
VBB E RO EBIEE ThH 5.

3. Kernel GLF O#&:E
PUFORRFETIE, 71—V RBF 1 — v & O .

[_lez'—lelz/y]

Cost(B) =

RBF 71—V ki =e

3.1 Circle T—%4® Kernel GLF [Z &5 RTALIE

sklearn D7 —Z -t ~hD—>TdH5 circle 7 —ZIZxf LT, H
A JAXIN 0. 05, 0. 1, 0. 15, 0. 2 DZLNIZ Kernel GLF
ERELIAE A 1 ITRT.

IEFECK X 100, I OUTEdIE 2, yiZ 50 £L7-.

1 775, Kernel GLF (ZJDFE{ELEE N2 LD ST S 1l rTRE7R
HEE I TE VDI LN,

3.2 Circle T—32MI5ARZ) TR

T —5%% 1000 O circle 7 —%%, JAAN 0. 0575 0. 2 F
T 0. 01 A A TH 100 [BF7 —X2/EVEL, IEEEO - LA
W22 RO, X 2 1%, BEEAS /A X, ftihns B a7 4.

ITEEE KX 100, %5-2813 0. 95, yIE 5725 100 £TD 5 D
fE%E Uiz, F£7=, Kernel PCA TlE RBF 71— /L%

2
RBF 1 —%/b ky; = elxxl

Lo TIN5,

2 XY, Spectral Clustering TOIEZEEUL /A A 0.1 ULk
(27258, RIMIZ TR HD )G, —J7, Kernel GLF 14
({2 K-Means #1T>72 IEA#0IMIZVTHD. Kemnel GLF &
Kernel PCA TlIh—3/VEBEMFEIL CTldd 5723, K-Means T
DI FGAZ o THERTHHIEEBIIIRERZEZNHLND.

noise=0.05 noise=0.1 noise=0.2

noise=0.15

A,

-08 -06 -04 06 08 -2 0 2

X 1:noise M circle T — 243 A (L B%). Kernel GLF D5

— 20 H(TE)
1000
i
S mo
Z
@
B o
g —}— Kernel GLF + K-Means
8
S o
[
2
E
=
S a0
Q
o
'_
500
006 008 010 012 014 016 018 020
noise
2: T NAVA NGO IEER DL LR ERZE
00 ——+ Kemnel GLF + K-Means
e —— Kemel POA +|K-Meanks
——1 Spectral Glustering
150
— L
] — [
~11
5 125
5]
E m
@
-
G
5 | ——1

3: T NANVALGED /3T A—F DL LIE AR 2 (Kernel
GLF & Kernel GLF, Kernel PCA TDRZA—F X —%/VEE
#oy%, Spectral Clustering D/37 A—F I IFRLVE D

LHALTD)
o



4Rin1-01

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

4. FEHEEBE

3 BEOMFETIL, Kernel GLF (210, JERR ARG E AR 72
G B I N AT ER RSN, ZDZEND, ZBHith Doy
W CHRJERE RSB+ 5HZ LT, Kernel PCA TORIALEE
TG IR M2 B LI LT HIEH NN DL,
Kernel GLF TI3i# &%, LiLA RIOMGEL, JEMTE/2Z%
BRI E THHL OO RI B/ T — 2 Th DT, @ikt
ERDIIEHET e T — X THDO G TOMRGEN LI LD, L
MU, —x/VBEAME 358, |, Kemnel GLF (240
BHONDBRIIAREMNT DI H5%45720). Kernel PCA LDt
B CH R TR ALIIC, —3 VB % 1L < Th GLF £ PCA
DT IVAY R LOARKRA2E N LTI A E 5. Lizs-
T, Kernel GLF (ZH1F 50—V EAEE /ST A—H DR %
DERD, FEHPAIRNIC S WIS A T D D52 ENE O FRRE
LIRDTEAD.

S5 Xk

[1] J. B. MacQueen. (1967). Some methods for
classification and analysis of multivariate observations. In
Proceedings of the Sth Berkeley Symposium on Mathmatical
Statistics and Probability, volum 1, pages 281-297.

[2] Ulrike von Luxburg. (2007). A Tutorial on Spectral
Clustering. Max Planck Institute for Biological Cybernetics.

[3] MalikShi and JitendraJianbo. (2000). Normalized Cuts
and Image Segmentation. IEEE TRANSACTION ON
PATTERN ANALYSIS AND MACHINE INTELLIGENCE,
VOL. 22, NO. 8.

[4] SpenceGhanbari Panos E. Papamichalis and LarryYasser.
(2010).  Graph-Laplacian Features for Neural Waveform
Classification. IEEE transactions on bio-medical
engineering, VOL. 58, NO. 5.



