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k-nearest neighbors classifier over manifolds
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(School of Computer and Communicaiion, Hunan University of Technology, Zhuzhou Hunan 412007, China)

Abstract: For resolving the problem of the existing noise sample and large number of dimensions, the k-nearest neighbors
classifier over manifolds was presented in this paper. Firstly the classic k-nearest neighbors was extended by Bayes theorem
and local joint probability density was estimated by kernel density estimation in classifier. In addition, after building the noise
sample model, an objective function was defined via improved marginal intrinsic graph and its weight matrix for searching the
optimal dimension reduction mapping matrix. At last, details about k-nearest neighbors algorithm over manifolds were

provided. The experimental results demonstrate that the presented method has lower classification error rate than six kinds of

classic methods in most cases on twelve data sets.
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EA B T s, SR R R B A AT e A R
Hrr) kA BOE BT SR, S8 J5 AR I X B0 B2 9 2 ) B Mk AT 1R
B EMEA AR AR, NN FEMNABE T IAE
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HOpER, AR E A AR A S, BRTEX
Aar2e BB BB R E SRR Z R AR,
ENN Skt — 2R B E G, i TR e 4E 50O 7] 3L, kNN
BEANE S HTH AR 328 HK, HRFAERI N
AV 4B E & N, B I SRR & B AR R AR,
L X8 B R AR IC KA A B0 2, ENN [ 32845 IR0
SER . A EIRPI RN R KBS E ENN FEE VAR
BT, AT BRI, FRyEA BTt 0 F4R IR K A Y
AR REAR, IMBREEANFERRB SR IRERE
Ko BAR, WRNGHEARPREFEERERA , XL ERE 572K
t BA ARRC A AR B R ATRE A S IS H,
HETARZE R ENN BB 1) A — SR AR B Y
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B3" Chi-squared BEBS'*! | Bk SR BE B! SR 3 NN B
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B X ERRRACT B R HMBEMITT. A -EME
WRIIEE, BRI E ANN BER KRR, 2) BT T RE4E SR M
BB AR AL X e BRI R AR O A, O T 4 B0
BB VTSRS ERE . 3) B IR PR AR 7 KM, 51 A
L BITEAN 2, DB/ RS AR A X A 2 i B0, Li 4500 42
TR MR .0 (Local Probability Center, LPC) BB IS8
B, PR A R B & BB &0 R A S B WE R SR HR I R
ATEFEARC P RTRIE R A0 AR R B AR B R AR R
CHIFE B LB 42, Hotta 4R T ANN 43 2685 (4
( Categorical Average Pattern, CAP) K ik, i+ B 8 >N 24k
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(Laplacian Eigenmap ) & w7 2s ja] #E %) ( Local
Tangent Space Alignment, LTSA) "®1 4 e Bk
AEHIEL, AT RGBT B, MR E A s
LLE ( Supervised-LLE, SLLE )" J& %5 Fisher #& A ( Local
Fisher Embedding, LFE) (200 =3 9] B 4% A (Local Discriminant
Embedding, LDE) &5, G AR5 BE WB T2 3 B i
FREET % B ESE Yan £ B H B TERFENER
B AMEZR, IR T 3 bR Fisher 43 #f7 ( Marginal Fisher
Analysis, MFA) B85, 8 SCT 1R 26 5l P 5 28 1 A0 2R 50 18] 2
BIMEEI , LUGR TSR A RRE 1) 2 (B BE B R, 7 JR 2K (B AL )
BZEMER, LR S AR A R AT o4k, A3C7E LDE
MFA J7 4R b, B BRREAE S XIEF R EER,
PR B A ) BB RNN ik

1k ZEAFHN
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Z el z,) ,HAREEY = (519,y.) »2 FIRFEA P
2,2,Y) AGERARE Z AR Y T MRz BT
FH LHIMEER = 1,2, ,0) W z B HIRE:

w =argmlaxP(l|z,Z,Y) (1)

IR MR z I I H R & kMR,
ﬁ*%l%%#ﬁﬁﬁhﬁ%@k=§hfﬂlmam=
b/, W2 9265 R w = arg maxk, o 41 BPK— IR EHE £ 2 53
NG E BB kR AR B E AR2E 5 o h E
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2k HITASHIN BT B
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@1(2) Up,(2) U, U o (2) JFI AT
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1]
P(l1z,2,Y) = P(ll 2,U,Z - U,Y)
p(z, Ul )Pl Z-U,Y)
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StHFAEEABRC LR EE p(z,U1 1) {15 ¢,(2) H
x,H .
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(1) #Hm(2):
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R™, y, e {1,2,,¢c},

IT=1{Y(x,x)lx, e ®Nx; ey(x) Nd(x,,u,) >
d(xjyﬂyi) Ny, # yj} (8)

(2) FIZSIREARER R EG

(b) KiFEPER FHG

QO classl
@ class2

() EIEMZEHERIER RBG
B2 4BERRE
3.2 RELHLBEDEE
RAZE [ AEBON m xR fom(x) RRERE
@ T 5 x FERKIMC T ¢- BPER ¢ (x) BRES OFH
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(d) NSP R

FH1 SRR x RG] s PIRE HE
BEEARTFE OHMBEEES © PAMEE ¢ FETIE 6, BP3kI
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I, x;ey(x) &y, #y, & (x;,x;) ¢ IT
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Hfw, =w,
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< U @, (2) JFEAIZR(3) IHUREER p(2,0,(2) ) o

F®T  HERAKQ2) Bt x 2R

4 SBERRIEK

SR ARTHEYUERE R Intel 5 H,2. 2 GHz CPU 247,
3 GBNTE, BEAE R 5 Windows XP, % Matlab 7. 0 YE- N %%
BT H, X/ UC 848 FE (htp://www. ics. uci. edu/ ~
mlearn/MLRepository. html) F 5 F ) 12 MESE, 5 — &
T EEHAT T SR AR, AR A U R A R . B SR
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—tb, MR SHERE X XL LRI E . SH kX THA
SERBAEUE -NERANSE, EEREMANZR DL
k e[3,16], AR3UJ5: RARRIT W RRHEAIE4E4L d B
4 JR) 5143 ( Principal Component Analysis, PCA) /#8877
W) 99% K1, BRILER 1 hHSH AXHEHH s A
16,g Mg’ B 8.0 — ML ETE - 181 Z 1), L8P b =-1,

F1 BEERSEHE
BRI LR A R REH J
irls 150 3 4 3
Bupa 345 2 6 6
ionosphere 351 2 34 28
Pima 768 2 8 8
Sonar 208 2 60 39
balance scale 625 3 4
abalone 4177 3 8 6
Cloud 2048 2 10 7
glass 214 6 9 7
segment 2310 7 19 12
wine 178 3 13 12
Letter recognition 20000 26 16 15

FH AFRNGEARE MM AR R =SB KFFE
AR AR, AR & ERSRE AR R R 2R

W RSFI M, FFiT A 10 YRR B (E F— YGRS SEE N o
RAMERER RN HE . 50, BUCT B I ER, FEVLEE IR
s b 50% Fa Ve A IR, At /R Sy A, DAt
He BRI 732 7 1 19 2 P BRI S AU AR E AT 52
SPREREPEYT B IR ZEFORMIR . B RIREROR
YT RAE, FWDH KNS FHrRRER
Err RAYFRER T E div, HPARRERTEZRY SRR
R SRE, AR, R IR R EARY
o AT UL ERERVERE, ASCR Y L kR4 H

¥ (k-Nearest Neighbors over Manifolds, kANNM ) 5 = 4~ & i
ENN Je FOMUHE 7 IR T L0388, XS5 PR 2 0 1) 42 ANN B3

REREAN, T ZERAFRESRMNN SR TE;2) CAP H
RIS NN AR B S B4 265 3) B R
BRPLHRIESBE LR, BTG MEERE R ET
HHEAT HBR , X a7 B AR N R Fisher S 5143477 & kNN
J7EE (LFDA +ANN) | R Al A B ENN 4575 3 (LDE +
ENN) ,31PF Fisher 408717 & ENN J78: (MFA + kNN), 3£ 2
SR 12 NBUREME A ik 6 NS RASU R B
BINRRERRSRRERFTZ. NER2TEH, AT
WP IR 22580 T R BB A & R B R & IR, T B
12 MR RN S RIRE R MR R/DK(21.96% ) . HIlk

B, TAREFHIPEN 3260786, RICE R BGE 3 ~ 16 A AT WAk AN P 3 A A
R2 SEEFENFERELE

N LPC CAP kNN ENNM LFDA + kNN MFA + kNN LDE + kNN
Btk Err/% div  Err/% div  Err/% div Err/% div Err/% div Err/% div Err/% div
iris 5.44 5.37 5.27 4.99 5.47 4.7200 5.08 4.16 3.60 1.89 5.20 5.66 5.73 4.71
Bupa 38.93 18.93 41.83 15.40 40.28 6.5500 30.94 6.18 44.15 7.22 40.57 6.31 39.51 6.81
ionosphere 16.12 13.17 15.34 16.99 20.01 17.6000 16.07 14.46 14.21  12.50 18.58  15.50
Pima 27.97 6.00 28.93 10.49 32.74 11.5800 23.96 9.36 34.92 4.18 33.83  13.33 33.96 10.89
Sonar 17.48 5.53 18.17 9.03 17.38 7.2000 17.02 2.51 27.19 6.02 32.18 4.07 17.62 9.26
balance scale 30.61 31.12 30.68 36.40 42.27 40.8400 29.29 36.27 22.47 23.08 43.10 38.82 43.01 40.30
abalone 46.38 9.03 50.06 4.29 50.43 10.8900 36.46 3.42 50.27 10.42 50.14  10.71 50.43 10.28
Cloud 51.09 1.77 51.20 2.05 50.59 0.0124 51.14 2.10 51.69 1.27 51.89 2.73 52.41 1.10
glass 41.50 25.84 44.07 27.10 36.18 21.3400 30.66 17.39 40.84 22.31 36.68 24.23 36.91 21.84
segment 6.17 6.78 6.20 6.05 4.88 4.6200 4.92 17.73 11.20 11.08 10.49 9.48
wine 2.69 2.35 2.75 3.09 4.47 5.8400 2.18 2.35 2.76 3.31 5.78 5.41 4.89 62.20
Letter recognition 15.79 6.14 16.28 6.62 13.86 6.6000 15.86 7.23 11.84 10.00 14.00 4.99 13.24 5.7
Avg 25.01 11.00 25.89 11.87 26.54 11.4800 21.96 9.43 28.97 8.97 28.23 11.65 27.23  16.51

5 ééj: )L% actions on Information Theory, 2012, 58(5):3225 -3234.
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