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L1 Norm Sparse Distance Metric Learning for One-class Classifier
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Abstract: Most one-class classification algorithms measure similarity based on Euclidean distance between samples. Unfortu-
nately, the Euclidean distance couldn’ t reveal the internal distribution of some datasets, and so reduced the descriptive ability of
these methods. A distance metric learning algorithm was proposed to improve the performance of one-class classifiers in this paper.
Compared with existing distance metric learning algorithm, the algorithm only needed to provide target class data, it could effectively
solve distance metric learning problem for one-class samples in high-dimensional space by imposing sample distribution prior and
sparsity prior with 11-norm constraint on the distance metric, and the formulation could be efficiently optimized in a block coordina-
tion descent algorithm. The learned metric can be easily embedded into one-class classifiers, the simulation experimental results show

that the learned metric can effectively improve the description performance of one-class classifiers, in particular the description of

covering classification model and obtain better generalization ability of one-class classifiers.

Key words:

1 5|5

TERCBEZ T B 3 R0 S A DN B M 0 45 1z
R A7 A FLE P RN, 5 0y R 5 SR ELAN
SO HRRAUAT H AR REA AT L -3 By AR i i
TH AR E HARSEREA 15 35 o8 B, B4 HARJEREA
B2, MR BARSPEA RGO o MR 4

BT BRI ) L, [ A AP A A i HL R AT 43

WA H 49 :2010-08-20; & 11 H 3 : 2011-08-31

Pattern recognition; Sparse distance metric learning; L1-norm; One-class classifier

N E R 2 I AR TR S SR S TR R 0 S A
RT3 (1) 8 BE pR B WU T 1 S B AR S H e U5
TEAGT N SRR ) 8 B2 23 A AT, 3 3o s 4 P2 T B,
LA R 8 /N T 45 % 1T R NERE A 262 {51 ey 4
TRABERLURN Parzen %7 BRI BE A8 HARREEA B4R AR
FUREA B 22 16 5 15 eR B0 PO 28 (RLAE i 4 A FREE
ATE LT B AL T 07 T A RE LS S Wt U SE ity
AL , A H R 2 Rt 1) A i DX T R 2R 5

RETH B K 3 RB 254 (No. 61071199) ; 3 db & A #X Bl 24 3 45 (No. F2008000891, No. F2010001297) ; o [ 1+ J5 H #& Bl 2% % 4 (No.

20080440124 ) ; 25 it o B 1 - 5 4 51 9% B 364 (No. 200902356)



o1 M

B IET 3T L1 705 500 B 5 25 0 B 2 3T i B g 2R 03 1k 135

(2) P 22 W 28 A5 R 32 B4 4% H 30 2 i 7 (Auto-Encoders) |
24 2] it b (Learning Vector Quantization, LVQ) Fl1 H 21
ZURHIE WL (Self-Organizing Map , SOM) 45 . 11 22 [0 £ 5 7Y
X AR LA ) RIUA B0 1 23 28 80CR , o J5 1 T 19 28 3
YR TS A B 2 S, N 4% B2 BRI 12 P & T
BH 5 (3) Bt JREAALIA N H bR FEHE A e HE b 3 2R
B, KBS A T ER S, DA AR B f i R 2 vl Y
BE BRI EJE TS A HARZE, U k-means , k-centers 1L 28 3
SRR B ; (4) 11 PR D5 558 5 % H AR 8K
Py~ 8 M— A B S8 HARZE R 1 5, 0 - 1
BRAE, I Hods/ M B AR S B S U IR, LIS 3
DA R /N E R, AR DT T 2 SR 1) i B0 A i
(Suppor Vector Data Description, SVDD) U B i
HL(One-Class Support Vector Machines, OCSVM)W J I —
SeE B B IR J5 v AN B i 48 (1-Nearest Neigh-
bour, 1-NN) .k ¥4 (k-Nearest Neighbour , k-NN) 75 Fl e /)
A R 2 55 A Y (Minimum Spannning Tree Class Descrip-
tor, MSTCD)7" K 50 S 50 A 00 S48 iR 7 2 g 2 v
Epne S N S SERUNIUE S €A TR U [T E/ i sy
BTN S 3R T3 v 04 P BE A AROIE T4 AR ) 0 S 2 U
JBE G 30K 2 T oRe P 42 M ORI 0 2 A il 38 A A i) AR
DL ZR T Mk 1 1) R B P 38 228 W% 1 FEAS 23 A Y 42
THRRE >R FRR DR 32 A7 B G 125 B 48 s $0 40 1 N 7
G3ATEERE DT 52 00 3 26 75 0 % H5 80 ) R e ) . 2R
AE M B ARZSFEA 2 o) 3] — N3 5 F R A AR (] AR ABL DG
FRI IR EEI0 B D00 25 DR IE 3 8 Ty ik X K i ) 3R
AE , P2 s HAERE ), XA SC AR R R R
FEXTRE B 22 ) i ) L, C @A A E T
RSB S~ FE A AR 1 51 A B A [F] K AR
AERL 24 S R AN [F] 28 A5 A AN A B 24 32 2] — 1> B 2 i
JE 2 20 (PR g O B P T el s SR 2R el 4 28 e
HRE8 T H 2 M 19 T 035 KNN3 2 B8 1) BE 5 ) 58 2
I SCHRL9, 10 ] P 82 1 9 T T et B SR 2R B 26
AR FR ) 88 2 ) SR A I B ) A o) D e — Ao
ST SR (0 BN R A o] B ok e B ) R A o) B
T I REAR S (B A AR LR e AR 4, A Sk (13, 14 ] rh 4
EEPH T2 M0 SR SIS R A R I B g B2 2 ) Bk L s
SRR DA [] 28 1] %) s A 3 1 O, A1 75 [ 2R A A ]
PR B AGIT , AN [R) JEAE A (8] IR 1 4502, i 3 e /N AR L 1Y)
51K R B A5 A () 88 031) 22 1) A7 A8 5 DR 1 [ ol . 4K T ok
A RS B 1) BE B I B A 2] A DG B SEAETE AN
&, SCHRL1S ] rp 2 HY — i g fi A Y SRR 1) 2 500008 i
A 0 b P g AR Dt (] IRAC R 2, 0 v 4 5 (R ] 1Y)
T B 1 R U A B8 8O 107 15 1 e e 2 3
FEAR B H AR A B0 5 AL (0 R 2 1 H 5 L e A kL %
T A SR Y LR 24 TR 1Y B2 RS B

Sk ZEE I g | AREAS SR8 43 A T DAk 35 B S
DU B i 29 T, B AT 25 e v 4R 28 [ ANREAR 1 O T
BRI Y BB N R 2 o R, 2 5T 1Y) BE RS B e A
Gy MR A B B2 a8 vy, 1T 038 A3 2R AR I TR
2 —EREUREBENEFES] E&A
B R0 R 2 i AR AR A () A B DG R ) — B A, X
TSR AR, B 5 AE AR B2 e (I RR G
BEES) A7 B xE DL S B A TRAE BL DG 2R, ane] R4 =35 1Y)
—ECME R B A o 1) OGS () . RIS RO B S I R
IR A C A HARIEFEAS [ AR RURE B2 1 S 50 R0 ok
2> BRI BE i 22 68 B A ) Al 3 BROHE A A () A 0
2.1 BEFREFREHEBAER
BE—TH n THIR BRI %% X =
{x, € RVY! | PASBR E B 2 o) HAR 24 ] — A T [
dy(x %) = | xi - x5 = (2 - x)"™M(x, - x,) (1)
SRR S B B A R, U Me RV E— AR IE
FEFRE 25 MRy BT B R B R R R B LB E A A —
AL G i3 M = GTG, W% B F24 > —
ARSI S B R TG BE 25, BRI
dy(x;, %) = [ x - x5,
=(x; - x)"'M(x; - x;)
=(x;-x)"'G"G(x, - x;)
=|G(xi-x)|; (2)
H AR AR [A] A DL 29 SOAR 48 S5 30 R 2, A
S AT HIEE, Al A A HARFEARRK IRFE 2 1Y &
M55 LA B AR R AR L 2 SR S B R i R
A K R HARZSHEA T AR B2 0
K..—{]’ x; 5 AL (3)
L0, x5 AR
2 20 1) B 0 R AR 2 e /N R A [R] A AH AL 2 3, BRI S
IMETT AR R AL

loss =32 60x; - x) 3K
=) (x16"Gr, - xI6"Gx) K

= > (xMx; - x!Mx,) K,
ij=1

=uw( X"MXD) - u( X"MXK)

=t( XDX'M) - uw( XKX"M)

=w(X(D-K)X'M)

= tr( XLX"M) (4)
K X =[x, x, 5] FARHEALE, D HXMAE, K



136 H +

2 2012 4F:

X AR TCER SF TR K AR
7L 7 3
2.2 HIESHAERMIRAR
FEAS G B 43 A1 e 30 MR A UG LR, fe/b
Jt(4)4¢45(*&?5%’$ XHEGIA—NEFEEIRNER
OMAR TE NI 25 5 — MR IE M, B E % T B AR
*é&%ﬁ/\%ﬁﬂﬁf‘a?%ﬂ W27 2] B2 /B Rk
g(X) = — log det( X )8 (1 FroR B [RERE 2SI B2 M 55
474 My Z 8] Bregman %%
D,(M,M,) =uw(MM;") - log det (MM;"') - N
(5)
Arf N EEE AR Fe/IMEK(5) B EAS 2 2T 1 B 2
FE M S55E eI 50 i My R AT RE R4 A AL R
TAE R, Fo /MBS (5) W B/ ME L M Fi M,
ﬁfbﬁ%%ﬁ[@ﬁ’ﬁﬁ/\g S e BT R ORI R DG R
ARG A RS S A I, My AT B FEAS B B 7 2 R
IG5 A1 B AT HRCA i e DR G T A
PR Ay B P 25 T B8 43 A T I ) e 3 4 A 5
2.3 EBENEHBRELAR
C AR, FEAS 23 (] 58 512 5 A A 25 (), A
AN R RFAIE 8] LA i 0 AH 5 Pk 0 45 55, R AS N B2 4
R (P 7 25 B ) AR X IR T R AU DR
AEZFTCE b IR 25 00 B R 1L 5 S B AR 23 [B) 1 R AR
AE IR T ARAG IR B I B2 B B A, RT DA B /M R S
WUEE M) Ly JE5, SR Ly J B0 SR A 2 NP I ME R .
TEREAR 23 (] /LSRR s, AT DASE 0 A8 ) 1, S BRI
B/ MEBE BTN B M G 2 4 X {8 R RS 55— T
FEASBHRG BE AR M X RO R A AR IOt R
BRWE, N EE R PE . P I B2 =5 1% B g )
M i InEEXS AL on R M i 20, B i /e X (6) k=
SRIF S M) 57 i
”M”lnﬁ' Zz ‘Mt/‘ (6)

La_ﬂﬁéﬁz?}%ﬁ%ﬁf‘a?’ﬂh {24y SRR 2 I 0 s 0
PEL AR B #D FE, B B 1 24 ORI 5k — AN i ) BE
T 3 Sk s o 0 R A v T R 2 B A0 A R A 2
> ) B 0 3 R AT B -5 R AR S B B A

LEA ARSI oA 1 D)L B 0 R A i 2
IR, B R B I 2 20 1) B b pR

min  tr( L XLX"'M) + t( My ' M)

~log det(M) + A M|,

=te( (puXLX'M + My"')-M)

~log det (M) + 2| M,
subject to:det( M) =0 (7)
gL T T M WE B0, S50 e A Z0iE AR
FEAS AR R E 25 00 32 A i M 5 /e 30 o A M, IE Ak

FIIJLEMM,L=D - K %

iP5 250 B bR R - log det (M) FI | M| | i h2:
KF M eREL, 75— 7 o (pXLX'™M + Mg') - M)
SERPETI, B LA H B eR O T B AL, AR — AR
e ffi.
2.4 BBENEEIEX

(7)WL T DL 3 1 Ak S SR A, SR T OE
EAG IR M LA 217 33k HE SR — T Ak R 5 v 1Y)
SREME TR RS S IEE AN i A
HE MR AR AN R BRI R M. A W 3R
B MO EAETE, S = pXEX™™M + My % B — K R
ALK W A —1 7 F—31, BB AU 8. BAR B W
S GrHeh

[Sll Sl2]

Wi Wi
W=[ . ] S=| . (8)
Wi Wxn Sn S»
K wy, € RNV-DXN-D Ly e RYED ek (1713 W
w o P ARG A2 -

W, = arg mjn{yvrwl_lly'Hy— 512Hw$)(} (9)
T ] A R R R ] 8, RT3 e X A [ SR
fiff -

. J1 _
mlﬂ{?” W{l/za— W111/2512H2+/1”a”|} (10)

PR 0N o KON wip = wy e FERIEAE
e —3a 4 T — H ARS8 2 e — 5L, 58
W EACE RIS . W 58 R WA — A 1E € M) Bh
e Wt e WAR R IE E BN AT, Hx A
At BB 7 SRS WS AL s WO aR i M
S I J3E 1) 23 R DA e 2] SRR e P AN AT 1 BT

ik
s—pXLX MM

e

SRR (T), P RAT RS A e
F—HEEFE G5,

’

KfF WM

Bl PERSHI A SRR T M S R



%01 B IET 3T L1 705 500 B 5 25 0 B 2 3T i B g 2R 03 1k 137
N . , = N =
3 O\ BB RS b 2 4y S 8 A JE AL R UCT HHks 5 Fn MNIST 5 (R 5 4%

=5 > f B I BE 25 S Mt A B 3 T RKCPG I S
PAIR PR A1 k-means, 1-NN k-NN, SVDD % . 7E X 44
S, A > B R AR RR PGB , R HAE (-
x) "M (x; - x;) SRR FRAESEAR X P52
FERT . WIRTRTIR , AR — R G (13 M =

TG, UV AR ) T PR B 2 1000 5 45 1 A I 2k P AR e s
JE1) ) A G BB 0 BPA
xj)TM(xi - xj)% =] G(x; - x;) I

(11)
X HURFH— R MR E T M = MY M2 X RR
ME M58 X MY = TAV2T, T 2055 M MO RE 1)
%,A JE N IOL R AE AR % B 4 2 R M AR 4 M2
Jei , UV FE AR 45 2 TR] B4 DR B 0 38 26 A0y 1 I AR A1E 25 1] 2% 2
?%?UE’JEEP&H'JW e, H R — S AR, 2k )
F B 8 00 32 A T DA AT A B LS SRR TR A
Tt 32 R ER B 8 1) — 2o i

4 KBWHESHT

T B IEAS SO H R I R 2 ) Bk A R,
ASCHAT T =S, 28— 1R F P Rl BRI ™ A2 B4 3
A RO B = B AR A (R — 2R A O H AR 264

dM(xi,xJ') = (xi -

B S RS I BE A ) B BB e A G IR SE LR
UERE £, Je B 70 A R M, UL [ . e oy e an ik
T 1-NN.k-NN.k-means I SVDD, Jrft kNN 1 & {H /) i%
g me/ME B — R R, k-means VAT k=5,
SVDD R H % i 96 o = 8, T 40 JE88 I 254 %
BHO0.1.

B IPAAR H P BBV R T ROC(Receiver Oper-
ating Characteristic) [t 4% , ROC J& L2 73 25 8% HAR S 82
AR AR 2 3 LA 1 oR 5, L 3 X B 43 2K
R RAL B (B A AR A SR A T BRSO 2R A 1 B S BE
WL . AUC( Area Under ROC Curve) 42 ik — 25 1 gﬁ*ﬁ:}’
KA TERER PPN FE b5 , H R M B2 S 2R B 1 25 PR
WA SCR T AUC AR R 73 28 8 BTN 4645
4.1 S HEERARSLEIE

A LI AN & 2 Ffr 7S P A B 0 2 A T SR TR
PR R | PRI B R 2 ) B 0 B ) 2R ) S A M i
SRR B B A R, 2R A0 200 AR

S B H A I B RO B R AR A O H AR, AR
PIEAE AR BARZE . SEIR 4T 20 IR, R SE g0 HhRE AL
T4z B PT e R BE 2 397 43 A FEOR il RE 2B B SE R 5 A
1 s, Hoh AR 322 o - H AR RN E AR AE H
PRI AR AR

F1 AMHSHSHHEFARNIBER

PGS plERS il S P 1-NN k-NN k-means SVDD
Euclidean 0.922 0.9934 0.9954 0.9977

A 53 1 200 200,/400 Mahalanobis 0.9276 0.9931 0.9967 0.9978
LM 0.9299 0.9934 0.9971 0.9985

Euclidean 0.9663 0.9992 0.9991 0.9565

Bt oA 2 200 200/400 Mahalanobis 0.9591 0.9997 0.9998 0.9998
IM 0.964 0.9996 0.9998 0.9988

. ks
Y242 0 2 4 6 8 0 2 0 2 4 s
(@) i ar A1 (b) Hcdtn 42

B2 PR A0 A5 S

SCEG A R AR, SR A > B0 BE R I R PSR ) 2R A
I LR PR RE , DO &l 23 2, 1-NN 3% A9 1
REMS AT B, JLIS DU B A 2 o AR R L
AE FARIEARAR B B 500, fof A s SRR AR 1) B R A
DAL FEATR 27~ BB B SVDD Y R H5R T R R B

B SVDD RAGF R = . IR [ B  00 J2  %of —
Iy AR VEREAT B el ik 181 3 7R TXJ‘WWP%GE%%A
SR FHIRR EG B 2 00 32 ) SVDID 4 3 121 AL 12 2 | 25 )
JEE 0 Iy e AR 46 4 (i) D LR 2000 B 7 SVDD i iR i B
AT ), B AR A A 8] R FH BRI B BS /Y9 SVDD
X B T A R AN B, A7 AR A AR A g 1Y [R) R, i
TR 2] Ja , %o 2 M8 46 2 1] (1) SVDD X 50 f) il
Ry B, AR ST H AR AR A RO
4.2 UCI HiEELE

AR SR FE T UCT B 5 P Y iris 2048 £E L wine
BPELE ionosphere UG L M sonar B8 2 AF A #HF 58 X
SR AR BEAL R —2F HAREAREAAE I 2R 4L,
FAR A REAANE AR | 520 45 R 28 20 Y 3 S
BOPS4ME, Se g g R 0L 2, Horp A A R - HARE
DAEAL /AR H AR 2 M REAS . UCT $idi 5 B RS



138 H +

2 2012 4F:

22 AR AG I B WK 2 fe g —3]

MFE 2 SR AR ), SR A AT Y R D 2 S A& b
AR AR AR R I AT A A IR PR AR, AT UK B %
SRNG5S B A0 A A 0 BRI A
FIF ST PERETEAE A 43 25 8% 0T wine $ds 42 B2 43
g 1 Al 38 M g ok B K. TR BEXT T s | wine iono-

sphere — M54 2 2R I QR 25t UG- A8 47 R 35008, SR
T TR 4E Y sonar B4 46 , R HT 5 [RBE B JC i # R AF
AR ARBAOG 2 , TSR 27 >0 1Y) B g0 J32 X6 1-NN L k-
means 1 SVDD FPEREI IR 1AL K Ay $2 5 . WK 2 h B
P2 B 85 2 > B 0 AL I [a] 5 L R AR 4E B0 60 4E 1Y)
sonar FICHE 4 A FE B 2 2 1 BANET 50s 24

F2 UCIEIBEMIEER

BRAE (AEE0 | BARZE | DIZREE | A4E | s 1-NN k-NN k-means SVDD | AkHFIA] (s)

Euclidean 0.9152 0.974 0.9708 0.9665

vesicular 25 25/100 Mahalanobis 0.8968 0.9759 0.9860 0.9810 1.4
iris(4) LM 0.9183 0.977 0.9807 0.9769
Euclidean 0.9332 0.9556 0.9535 0.9621

virginica 25 25/100 Mahalanobis 0.9268 0.9608 0.9567 0.9713 1.4
LM 0.9575 0.9607 0.9605 0.9723
Euclidean 0.7503 0.9017 0.8984 0.8753

classl 29 30/119 Mahalanobis 0.9643 0.962 0.9612 0.9724 4.2
wine(13) [M 0.9735 0.9907 0.9871 0.9912
Euclidean 0.6717 0.8187 0.7684 0.8109

class2 35 36/107 Mahalanobis 0.8922 0.953 0.964 0.96 4.3
M 0.8738 0.9424 0.9388 0.9217
Euclidean 0.8461 0.9545 0.9563 0.8134

ionosphere(34) good 112 113/126 | Mahalanobis 0.9405 0.96 0.9602 0.9566 12.6
M 0.9218 0.962 0.9618 0.9617
Euclidean 0.7642 0.8216 0.7019 0.5162

sonar(60) mines 55 56/97 Mahalanobis 0.3 0.3 0.3 0.3 50.6
M 0.7828 0.8165 0.7341 0.6968

4 2 0 2 4 6 8 ° 2 0 z
(a) 0K % #E B S VDDl R i 51 (b) % =) P B W SVDDA R 4 771

2 0 2 4 8 O 2 0 2 4
(o) KAIRK CRE A SVDDIR L 2 (d) % S BB B ES VDDA ik ik 52

B3 SR Bk P g 00 A 5 > B B 9 P A9 S VDD b

4.3 MNIST FE# FHELE

ASLH S 56 1) B0 O TR T MNIST F- 5 1R 507 B s
R IE LTS 0 ~ 9 3 10 2B T 5 IREEA I 2
EH 6 JTAREA IR 1 T REAR B — A FREAER
IH—fk 5] 28 x 28 K/IN. T2 5 v 43 il 6 A4 1,35,
7.9 WEHFRZE, AR BT AR B AR B PR ZEBEPLH
B 200 NEEAREA T I 25 . Al H bR 28 00405 A 2 Bl AL il B
200 MEEAS ST SE 22 10 Y & S K O 4, 45
W% 3, Tk b d g — 0 o B bR 2 HE 5 2 2] 11k
1]

SERGAE P, SR 2 20 I B I B S PR A 26

X TR RAEAS S0 A 2 B T A 4 R R 4 B
JEXT T SVDD P BE AR 25 5 Ay 5, SR P 2 ) B g
JE 1) SVDD X 52 BRI HR 2 B B A O PR R L 1t
AT PGB B 6 v 1R R A AR B 06 R ik R AR 3|
N 2625 1) REAS 5 ] 100 A D6 PE 29 T 9 B g
s 2 5] RA R A B A, A F5 P IS — 5 o]
H AR SO X A K T R 4 1 B B 2 ST I 1] 2 16min,
33 FE WY AR 3L ) B B

5 i

AR SCAR Y — Ty 4 4 1) B B2 80 ) A i
BN BE 2 > B3, JFH 2 o 1) B 0 B2 R 1 B 26 )



o1 M

B IET 3T L1 705 500 B 5 25 0 B 2 3T i B g 2R 03 1k 139

Fedn b AZFLFEOr 8 T R 4 A3 ) AR AR AL 8]
BARSCPE S 1L, 51 AREAR So 50 70 A 1 ) A1 290 i
INEE L S HSOR 249 SRR B 2 ) 114 A bR 8, 1
T F AR R RO A 42 SR e U, R B bR T R

Pl T R G B 119 — 2870 26488 TP 7 N RS B
8 SIS SR AR LE R P 2 2R A = ~J 1) e g
JEREA R 128 7 26 4% B A 1R BE , 1R ) 2 BE S 4K
G MUk SVDD (IR RE Ty, TR A 5128 70 e A HA

Bk E AR % . 22 BRI L BB 2 i A% BESRPYHET T RE
F3 MNST FEHFHIBEMEIRER
HirZ YIgrge | AL g ) 1-NN k—NN | k—means | SVDD | {lAbmfE] (s)
Euclidean 0.8805 0.9978 0.9967 0.9924
VCAL N 200 200/1800 | Mahalanobis 0.2 0.2 0.2 0.2 953.5
M 0.9572 0.997 0.997 0.997
Euclidean 0.7815 0.9246 0.9343 0.9054
Bk 3 200 200/1800 | Mahalanobis 0.2 0.2 0.2 0.2 959.7
M 0.8611 0.9272 0.9323 0.9363
Euclidean 0.8296 0.9376 0.9206 0.8114
GRS 200 200/1800 | Mahalanobis 0.2 0.2 0.2 0.2 955.3
LM 0.8813 0.9343 0.942 0.9443
Euclidean 0.8596 0.9577 0.9553 0.9429
or ik 7 200 200/1800 | Mahalanobis 0.2 0.2 0.2 0.2 953.7
IM 0.9142 0.9591 0.9584 0.9596
Euclidean 0.848 0.9543 0.9461 0.9403
G 200 200/1800 | Mahalanobis 0.2 0.2 0.2 0.2 956.8
IM 0.9066 0.9604 | 0.9621 0.9641

% 30k

(1] WEERS, Mok, 2 ML, 55 . One-Class /- 2588058 [T HaF
27 41%,2009,37(11) : 2496 - 2503.

Pan Zhi-Song, Chen Bin, Miao Zhi-Min, et al. Overview of
study on one-class classifiers [ J]. Acta Electronica Sinica,
2009,37(11) :2496 — 2503 . (in Chinese)

Mahadevan S, Shah S L. Fault detection and diagnosis in pro-

—
\S]
[

cess data using one-class support vector machines[ J]. Journal
of Process Control,2009,19(10) : 1627 — 1639.

[3] Mena L, Jesus A G. Symbolic one-class learning from imbal-

anced datasets: application in medical diagnosis[ J] . Internation-

al Journal on Artificial Intelligence Tools,2009, 18(2):273 —

309.

Wk, 7 % B, R L, 55 . 56 F SR 28 SR S B il i

3] HEEHLAE 4, 2007,30(8) : 1325 - 1332.

Chen Bin, Feng Ai-Min, Chen Song-Chan , et al. One-cluster

clustering based data description[ J]. Chinese Journal of Com-

puters, 2007,30(8) : 1325 — 1332. (in Chinese)

[5] Lee K,Kim D W, Lee K H, et al. Density-induced support vec-
tor data description [J]. IEEE Transactions on Neural Net-
works,2007,18(1) :284 — 289.

[6] Choi Y S.Least squares one-class support vector machine[ J].
Pattern Recognition Letters,2009,30(13) : 1236 — 1240.

[7] Piotr J, Tax D M J, Elzbieta P, et al. Minimum spanning tree

—
~
P

based one-class classifier[ J] . Neurocomputing, 2009, 72 (7 —
9):1859 — 1869.

[8] Weinberger K Q, Saul L K. Distance metric learning for large
margin nearest neighbor classification[ J ] . The Journal of Ma-
chine Learning Research,2009,10(1) :207 — 244

[9] Davis J V, Kulis B, Jain P, et al. Information-theoretic metric
learning[ A ] . Proceedings of the 24th International Conference
on Machine Learning[ C]. Corvalis, United states: ACM Inter-
national Conference Proceeding Series,2007(227) .209 - 216.

[10] Xiang Shiming, Nie Feiping, Zhang Changshui. Learning a
Mahalanobis distance metric for data clustering and classifica-
tion[ J] . Pattern Recognition,2008,41(12) :3600 — 3612.

[11] Kulis B, Jain P, Grauman K. Fast similarity search for learned
metrics[ J] . IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence,2009,31(12) :2143 — 2157.

[12] Qi Guo-Jun, Tang Jinhui, Zha Zheng-Jun, et al. An efficient
sparse metric learning in high dimensional space via 11-penal-
ized log-determinant regularization [ A ]. Proceedings of the
26th International Conference On Machine Learning [ C].
Montreal, Canada: ACM International Conference Proceeding
Series,2009(382) . 841 — 848.

[13] Yeung D Y, Chang H. A kernel approach for semi-supervised
metric learning[ J] . IEEE Transactions on Neural Networks,
2007,18(1) : 141 - 149.

[14] Mahdieh S B, Saeed B S. Kernel-based metric learning for se-
mi-supervised clustering[ J] . Neurocomputing, 2010, 73(7-9) :
1352 - 1361.

[15] Bk, 20k, W i by, 46 WO ik A B S 1] S 3008 4 3R
(7] A 5 N TR E, 2009,22(4) : 548 - 553.



140

L

2 2012 4F:

[16

[

[18]

[19]

Chen Bin, Li Bin, Pan Zhi-Song, et al. Support vector data de-
scription with manifold embedding[ J] . Moshi Shibie yu Ren-
gong Zhineng/Pattern Recognition and Artificial Intelligence,
2009,22(4) :548 — 553. (in Chinese)

Wright J, Yang A Y, Ganesh A, et al. Robust face recognition
via sparse representation [ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2009,31(2) :210 — 227.
Banerjee O, Ghaoui L E, d” Aspremont A. Model selection
through sparse maximum likelihood estimation for multivariate
gaussian or binary data[J].Journal of Machine Learning Re-
search,2008,9(7) : 485 - 516.

XA JE I, MR @, 4 b BE B OB AR A e 4t
FORM AT 53260 T]. B T2 4%, 2009,37(8) - 1821 -
1824.

Liu Zhi-hua, Zhou Jing-bo, Chen Yi, Jin Zhong. Non-linear
dimensionality reduction techniques of distance-preseving pro-
jection for visalization and classification[ J]. Acta Electronica
Sinica,2009,37(8) : 1821 — 1824 . (in Chinese)

I , 2R3 . P-ISOMAP: — R (X B /NS FE U Y
Bl TR [T] . 727412, 2006,34(8) : 1497 — 1501.
Shao Chao, Huang Hou-kuang, et al. P-ISOMAP: a new i-

somap based data visualization algorithm with less sensitivity
to the neighborhood size[ J] . Acta Electronica Sinica,2006,34
(8):1497 - 1501 . (in Chinese)

EEEN

HAIEE 55 (BUK), 1970 47 8 A AET il
B, W, Bod . HRTE 7 1) Geit24 > B
SR, PR R AT
E-mail: hzp @ ysu. edu. cn

B = BOUR), 1987 FEA T I, Hl
KA SE BRI BRI
J7 I GE 2] RS s B S A2 o]




