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Enhanced Locality Preserving Projection with Latent Sparse Representation Learning
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Abstract: Dimensionality reduction plays a crucial role in machine learning and pattern recognition. The existing
projection-based methods tend to solely utilize distance information or represent'!ation relationships among data points to
maintain the data structure, which makes it difficult to effectively capture the nonlinear features and complex correlations
of data manifolds in high-dimensional space. To address this issué, this study proposes a method: enhanced locality
preserving projection with latent sparse reptresentation learning (LPP_SRL). The method not only utilizes distance
information to preserve the local structure of the data but also leverages multiple local linear representations to unveil the
global nonlinear structure of the data. Moreover, to establish a connection between projection learning and sparse self-
representation, this study employs a novel strategy by replacing the dictionary in sparse self-representation with
reconstructed samples from the low-dimensional representation. This approach effectively filters out irrelevant features
and noise, thereby better preserving the principal components in the original feature space. Extensive experiments
conducted on multiple publicly available benchmark datasets have demonstrated the effectiveness and superiority of the
proposed method.
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0=P" ,Z=B=0, E=0, } .C,=C2=0, u=0.1 , p=1.1 s ptmax =108 He=10"6 .
HE: -

1. fiE 5K (26) ST 2

2. fFH = (29) E#r B.

3. [ Fat (32) FH# 0.

4 MR (35) EH P

5. A (39) ¥ E.

6. A= (40) TBHr ¢y, Cr Flp.

LA BUTF 20 Sk A 2
{fongszum <e
IZ-Bll <€

it FINBHAERE Q.

33 EZRESH

FEAT T, X4 A AL LPP_SRL Frith S 1
THREE R VEBAT 7 AT br. B 1 W LA R
B, G RE B SR T R Q AN Z I 75 1) 2 BRI $R A
XTI E 1 6 JEE A0 L R A € T8 R e B,
FEXF T 5 TR A, ﬂ%@fﬂ%%%. 2 R B F R
I, KA QI TSI BE O, TR Z T 515 %
£ 0(n?). ST P A T 73 R AH 2R (singular
valu'e' decomposition, SVD) i H ke, HEIREA
O(m») 7. Bk, Bk 1 M5 E 4% N0’ +
d®+m?)), Horhr Rk ARIREL. 1R SERR B L, A
d <nHmBh, IR DO Sk 552 2% FE I AUl T
HNO@ER?).

4 S5

TEARATH, BATVEAL T B th 71 6 AN iz Af
2 SR 5000 45 A i, X S B m SRR 3R H
f37 5, A4 (1) EYaleBP”; (2) YTC""; (3) Binalpha
(https://cs.nyu.edu/~roweis/data.html); (4) USPSH'; (5)
Caltech101 Silhouettes™; (6) ETH80™\. 25 7 #4174 i
IR A3 B BB, MK 4 0 v 5 — e S ik I v AT
L%, £14% LDA, Supervised LPP (SLPP)*, LSDA™,
OLSDA™! FOLPP"", LADA!"", RSLDA"™, SLNPP,
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ALLDAP" SN-TSL*! LRPERP!. £ 4 X #5256 v, {
FH B4R (1-NN) 73 2828 1) FH IR B 28 % AR gE 47 43
2, FEk AR TR ) S B R B e R ] 2 P B B
KA HEFE BOME. EAh, FRATEE X A B AR [ e T
FT 25, JF RN SR 2R AR B, 9 1 AR,
PAT BT FIELE SRR P AT 7 10 WRERER, FEit
SRR L AR s, JRATBERLL PR
PN —LEREARAE I ZREAE (#Tr), 5] EFH Jal 5 1
FEARAE MR E . 9 T 3 m v B8R, AT E S i
ARBEATIH—, Bl = xi/llxilla, 2R 55 PCA, 7E T A
K 4L B PR B 98% B SR ek B a4k . (R R
98% HE BRI IUAFRIE Y 4/ > 4i=098H)
B K I R ANRRAE AR B B RFAIE 1] 2, R A, 3R 7R SR R 4
3 (0 T 7 2 R B B 5 KRR A, i R AR B
X 5 1) In) B FH T2 PCA E@_ﬁ%‘%ﬁﬁiiﬁﬁﬁééﬁ.
4.1 7 Extended Yale B ¥#&& F#)SCie

Extended Yale.B (EYaTeB) HAREAFEM 38 % &
JR A A BRI A 2414 5k ARG MR, R07 8 8 & $2 4t
T 59-64 5k BA ARG AR, Bhobh, B4 ANH)
— RGOS A FRREERAR. AR ST, A4
FEARPE R AR/ 32332 183, 8 1 J&7R T EYaleB 4
PR — L ML REA X T BT A 0 EE R RS, BRATRE ML
ERREAANT 10 150 20 F1 25 MEEARAE R R EE,
Pl A REA T I0AK, N2 1 AT ABA A H, BT i
T35 FoAh M B 2 2 O iR AR B R

—

1 EYaleB A% e Lifa

%1 75 EYalo MRS LR 0 TR
HEBR (%) FbrifE %=

#Tr 10 15 20 25

LDA  83.13(1.02) 91.38(1.02) 94.07 (0.49) 96.34 (0.24)
SLPP  86.26(0.96) 92.81(0.94) 94.72(0.22) 96.39 (0.43)
LSDA 8541 (1.06) 92.54(0.70) 94.76 (0.41) 96.24 (0.44)
OLSDA  88.30(1.28) 91.62(0.83) 94.12(0.37) 95.29 (0.58)
FOLPP  88.89(1.32) 93.34(0.81) 94.51(0.65) 95.86 (0.75)
LADA  88.36(1.33) 93.77(0.88) 95.49 (0.68) 96.76 (0.63)
RSLDA  88.86(1.00) 93.16(0.80) 94.66 (0.42) 96.17 (0.48)
SLNP  85.95(0.99) 92.71(0.86) 94.66(0.29) 96.76 (0.38)
ALLDA  82.77(1.22) 90.04 (0.91) 92.90(0.58) 95.11(0.77)
SN-TSL  88.62 (1.02) 93.64 (0.78) 95.39 (0.56) 96.83 (0.54)
LRPER  81.59 (1.09) 89.62 (0.85) 92.55(0.53) 95.00 (0.54)
LPP_SRL 90.52 (1.10) 94.40 (0.45) 95.68 (0.44) 96.92 (0.34)

20 %it+ZfiA Special Issue

42 7E£ YTC #iiE&E EAISCIE

YouTube-Celebrities (YTC) ##EEALFE R H
YouTube ] 47 £244 A1) 1910 NHLAT A B, X SE 4040
REHEELY R, B TEMMEN. SALEHE B
N A i B % At S AN = ¥ (VAN M B e
] 8, RN UL 8400 i, /FA4N 4 A 1000
Z kBRI N T AR, 04 AR 200 7k El
BABENLIE Uy LR H s (R1E 3L 9400 FKEIMR), XLk
N B 54 G — P K/ 30%30 {%%‘ 2T
Klﬁﬁ‘ﬁﬁl‘]*%kﬂﬁ@%. ATBEHL L BB A7 44 N
15, 20, 25 £l 4‘#2&1’5?'3%2&%&}%, Pl 1 UG AE
UK. e 29T 2 R, BT AR 0 i
TR W FLp R T £

K2 YTC ANEEFEEN—LEEAR

2 AL YTC Hnte AR THER P HER F (%)
briEZE

#Tr 15 20 25 30

LDA 6644 (0.86) 72.84 (0.41) 76.28 (0.59) 78.90 (0.51)
SLPP  66.40(0.97) 73.60 (0.55) 77.31,(0.64) 79.93 (0.66)
LSDA  65.45(1.38) 77.69 (0.65) 8&08 0.62) 87.72(0.44)
OLSDA  32.67(0.85) 3377 (1.00)_ 3444 (1.04) 36.44 (0.87)
FOLPP  69.15 (0.80) . 75.49 (0.70) 78.85(0.49) 81.21 (0.45)
LADA  58.07(6:78) 739.29 (6.64) 39.70(7.58) 40.57 (6.63)
RSLDA  78.59 (0.76) 82.73(0.79) 84.96 (0.51) 8679 (0.44)
SLNP ~ 73.01 (0.96) 80.53(0.70) 84.49 (0.57) 87.52(0.53)
ALLDA  6337(1.02) 72.62(0.96) 77.71(0.35) 81.77(0.59)
SN-TSL  78.54 (0.89) 82.46 (0.63) 84.59 (0.43) 86.24 (0.60)
LRPER  64.76 (0.81) 70.99 (0.73) 75.13 (0.61) 78.61 (0.55)
LPP_SRL 80.39 (0.92) 84.20 (0.81) 86.42 (0.48) 88.33 (0.61)

4.3 7t Binalpha #{#E& FRYSCIE

IR RS ALE 36 DNEHITH 1404 AR
AR, FABFEAR B —AN KN N 20%16 152 59 3 EE
Fon. HAER R, 2R E AL N0 2“9
g, I AFE KRS FRE AT <2, BI04 24T 557
BT PR, B 3 ROR T SRR G FRATTBE AL B A
AR 104 15 A1 20 MREAME NUIZREE, T 40
PR IR B, B0 55 B Ao 23R 5 45 Rk 3 pr
R, AT LRI, 5 HoAth B 2 5] 7 VA AR L, i
5 A R
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i H AR SN A

N A P
COOMNES
{ ?’1 LY
BEERECC/C
K 3 Binalpha Zf4E 1 — LA
%3 #£ Binalpha £ 4 AR J7 1 218 51

K4 USPS Hfnfe i — LA

R4 £ USPS Bl sk AR M E R HER 2 (%) Al
bRk

WERR (Yo) AIbRTEZ
#Tr 10 15 20
LDA 27.27 (1.41) 41.86 (1.70) 50.06 (1.18)
SLPP 26.38 (1.97) 43.13 (1.88) 53.90 (1.67)
LSDA 25.31 (1.48) 41.41(2.12) 50.37 (1.06)
OLSDA 17.92 (3.54) 12.64 (0.79) 10.56 (0.96)
FOLPP 42.43 (2.12) 53.87 (1.50) 60.80 (2.08)
LADA 46.10 (2.01) 40.76 (3.33) 23.48 (5.79)
RSLDA 65.28 (1.68) 67.71 (0.88) 69.94 (1.29)
SLNP 26.21 (2.33) 46.32 (1.41) 57.70 (2.24)
ALLDA 15.30 (1.69) 26.85 (1.20) 34.85(1.88) ™ &
SN-TSL 49.17 (1.54) 52.62 (0.90) 56.30 (0.99)
LRPER 21.62 (1.33) 37.12/(1.12), 4519 (1.31)
LPP_SRL 66.03 (1.69) « 68.92 (0184) 71.51 (1.27)

4.4 £ USPS #iEg FRSIIE

USPS ##i & & — M F 5T EGES, RN
“07A249"f) 10 2K, ZAUEE M EIL 9289 MNEIE, BA
TN E AN FEEERIFEAR, A 708 F] 1553 MAGE. N
TS, A RGN N 16x16 B EK)
KGR, HEREA W IR GG 4k FE R 256, 1 4 FEoR T3
PR ) — SRR, AR T AR BT, 7ERATI 56
o, RATEEALIEEER N/ 100 20, 30 AT 40 M
BAERUILREE, Tl VE NIREE, & 4 R, Frigd
() 75 AE LB SR 3R A T B IR HER 2R
4.5 7& Caltech101 Silhouettes #3EE FAYSCIS

Caltech101 F¥EEAL 2 101 ANAS [ 28 51 540 44 B

%, FAKREE 31-798 Tk EIR, KZHGKLH
50 5K MR, 28RS T RN B REE S m i E
122 300 W 46 R, /A Bl 3 e 1 ok . 7RI, 3R
IR T Caltech101 éilhouettes B, B LT 1EY
PRES R, AR FURE P 7 VR LE R IR S0 o ) 1, 75 1% 3L
&, R RN RN RO 2L, TR A .
ZHIEE SR B R EAR R 8641 MEA, H
ANBEARHR R — RN 16x16 B R MR EIE, B 5
FEAL T 4R Caltech101 £d £ b KU o) — Lok
AR AEAR LIS, FATT AR A S50 B LSRR T
10, 15 F1 20 MREAR, TEK 3 AIISREE, AR FEA B
RIS, MR 5 WTLLE H, R RSLDA KILEL L
TR T,

#Tr 10 20 30 40

LDA  72.85(1.90) 84.57(0.76) 8?.91"60.55) 88.02 (0.59)
SLPP  74.69 (1.88) 85.83(0.63) 88174 (0.53) 89.90 (0.66)
LSDA  70.05 (2.40). 84.95(1.13)* 88.96(0.62) 90.47 (0.54)
OLSDA  69.14 (2.52) _68:52 (135) 6821 (1.81) 68.78 (1.90)
FOLPP  80.12 (142) 86.62(0.97) 88.81(0.84) 89.82(0.61)
LADA . 77.78(1.97) 81.53(1.45) 80.81(1.44) 82.04(2.05)
RSLDA  83.45(1.53) 88.58(0.74) 90.00 (0.34) 90.72 (0.49)
SLNP  73.98(2.36) 86.25(0.56) 88.66(0.44) 90.00 (0.76)
ALLDA  65.18 (3.50) 78.32(1.57) 83.30(0.56) 85.46(1.04)
SN-TSL  82.84 (1.25) 86.67 (0.66) 88.16 (0.33) 88.73 (0.65)
LRPER  31.19(1.44) 42.33(0.69) 43.69(0.81) 47.01(0.83)
LPP_SRL 84.97 (1.73) 89.12 (0.54) 90.89 (0.23) 91.64 (0.49)

K5 Caltech101 Z¥E4E 1) —LEREA

5
%5 15 Caltechl01 Silhouettes #7307 Hi5

JIHETAE (%) AR 1HE 22

#Tr g | 10% 15 20
LDA . 3586(14l)  40.63(0.99)  43.55(0.87)
LPP 37.82(1.59)  44.15(1.14) 4847 (0.91)
“LSDA 36.85(1.55)  4324(1.14)  47.56(1.00)
OLSDA 1364 (1.11)  14.56(0.62)  15.80(0.99)
FOLPP 4066 (1.71)  46.77(1.09)  50.50(0.77)
LADA 1530(131)  1549(0.68)  17.94(1.57)
RSLDA 5094 (1.77)  55.02(0.81)  57.09 (0.67)
SLNP 39.68(1.53)  46.56(1.20)  49.88(0.57)
ALLDA 31.93(0.90)  39.04(1.05)  43.35(1.20)
SN-TSL 4050 (1.51)  4522(1.09)  48.60 (0.79)
LRPER 3643 (1.32)  4222(0.99)  46.68(0.74)
LPP SRL  50.85(1.73)  54.87(0.88)  56.89(0.75)

4.6 7£ ETHS80 #iEEE EAISLLE

ETHS80 it 45 g T 8 /AN A 2 il (1 o s ]
%, BFSER. RE IR T . T BLRE
Hiti, AN 10 DXERSA], I H AR R LG
KH 41 MAFEMARIE R, Bl 6 R T ETHS0 %l
S — SRR A, FEA ST SEES Hh, FRATTHS K FE B M
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HR/NA 20520 43R, IR H Ay 400 4 &, T4
BEALE BN SEAIA 104 204 30 AT 40 ANEEAE I
g, FIARMIENMRE. WK 6 RILIILE R, ALl
B TR T VR A v e

S& AN LN BN SRS 22

6 ETHS0 FIE&EM—LepAR

# 6 & ETH80 FH4E AR VA MR HER 2R (%)
FlbrE %
#Tr 10 20 30 40
LDA  25.62 (3.31) 33.04(2.28) 43.90 (2.06) 51.89(1.50)
SLPP  47.42(1.83) 34.20(2.75) 47.60 (1.26)
LSDA  44.81(2.42) 31.84(249) 43.93 (1.64)
OLSDA  39.84 (1.84) 3436 (L.80) 32.74@2.34)
FOLPP 5210 (1.58) 4695(1.43) 5402 (1.72)
LADA  50.92 (2:50) " 54.83 (1.92) 55.64 (1.88)
RSLDA  51.74(1.90) 60.24 (1.69) 64.78 (1.48)
SLNP  24.63(2.02) 23.19(1.68) 43.41(1.85)
ALLDA  44.45(227) 47.41(1.69) 4635 (1.20)
SN-TSL  53.62 (2.19) 59.70 (1.69) 60.35 (1.15)
LRPER  23.11 (2.55) 32.84 (2.00) 39.91 (1.89)
LPP_SRL 54.98 (1.85) 62.79 (1.38) 66.77 (1.32)

5236 (1.21)
31.10 (1.35)
60.53 (1.17)
54.69 (1.39)
68.41 (1.42)
51.93 (1.44)
46.51 (1.27)
63.41 (1.31)
48.89 (1.44)
70.03 (1.07)

4.7 LWERSHH

RiER 158 6 T EIMSLIREE IR, Frig ik
EAFENERIN . F5R0 . TR FY R IR ATE
WIIHTE 6 ARG EE 4 E R P . X%
BT T IR R E N, JF HIRMMME R R T
UL R AT . ‘

(1) PR B e 4 B 110 o 50 45 A B S A 8 U
fITEfE. 10, LPP ki LDA, BN LPP 45 20 R B
T KR 0 R 4§, T CDA I 2 0 1 ik . B,
FOLPP th LPP H 4 % 58 () = & - Rr A /117, M 15
B = R A EE. A Ah, IR AR SR T BT e R —
T S D7 AR E S AR AL B T VR I R A R
HER.

(2) AR HY 777 A1 RSLDA 78 i A 3o 48
H R R E IR A IR 2, Ty At J7 v ) e v £k
F##a 5. %40, SLNP £ Binalpha 1 ETH80 4 4,
PL K SN-TSL 7£ Binalpha %(#& 4, R H 8 2 17
I E L SRR AR T B 80 J7 ¥ RSLDA & i 78 4% 5
S 5] 1 FE S R RO E R AT AR B KA (1
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56:71 (0.99) ©

. B

Ry

() fERZHUE LT, Fri (177 4L T RSLDA.
R R BRAT 7 AR B 1 2 T R B ) AR 3,
i H B &N 2 ) TR H R oR, FE TR
1)@ 40 Fh S5 R A . A Tk 2, RSLDA 2% 11X
XS T AR KRB RE LM, X RYILATTE
HH ) R 3 DR 5 Y 5 SR WK 1) A B T OR R B 1 R
W ALES ).

(4) £ ETHS80 %&?E;%Mﬁ)ﬂ\L)QDA\ SLNP Al
ALLDA I, %E?ﬁ%iﬁﬁ%é@ﬁﬂﬁ%ﬁ@stEI"J%?S:*FEU,
s 0 A AR AEEM 0 1 AL ). HTEE 2 T,
%%tﬂ@@ﬁ?‘ié%ﬁ?iz%%ﬁ%, FH HA 75 BEAT A € 1)
Hdl AL B D IR, XU T TR TR A N FEAR
(small sample size, SSS) 1] /2.

B, S AR T IRATT T B I U7 VR AE % ol
BEHE AR TIAT 55 A A 280 Az .

4.8 SYHEHBRMMAR

HARE AL (20) (153 KM RETT RE S 25 4 /N AT %E
SEIEM, B Aps A3 Rk, SRT, HIE Mk S
& ) SR A — AN TR IR R, 3 H AT L AR R
AR TT &,

FEARTTH, FATIAA [F 8 H A T B K E
K RAHTIX 4 NS H R, ﬁﬁg%ﬁ AT
/13%Dkﬁﬁﬂ'@%ﬁﬁﬂﬁ%‘ﬂﬁﬁd\; , BATMSLH B T
ITA. ﬁi‘zﬁﬁ@ ﬂblﬁ%fﬂﬁg%ﬂ‘]ﬁfﬁ?éﬁ, DR FRATT
ST 7 1o M 0 U P B M A LK
P, A A M(1072,1074,1073,1072,0.1,1,10,10%, 103,
10%) P 3k £, a3 A (1074,1073,1072,0.1, 1,10, 10%} 1 %
¥, Mk M{1,2,3,---,8,9) Filn. — 1 ik $%, Hrbn, LRl
GREE R RN HIREARS. B 7 IR T1E 4 MRS
FAFESEA A T AR EE RS X T YTC 20
£ EA €{107°,107%), A, € {1072,0.1} A1 23 € {1072,0.1}
W3R8 A M BE. XF T Binalpha $¥E 4, &AM N
A1 €{1074,1073), 1, €{1072,0.1} fla3 = 1. XF T USPS
BiE, mEiR AR € {107,107, 1, €{1072,0.1}
A3 € (0.1, 1} B 3515, &), X T ETH80 Hda4E, X4
A1 €{1073,107%), 1 €{1072,0.1} fA3 = 0.1 Ff, K15 &
HEMERE. B 8 R TTE YTC. Binalpha. USPS Fl
ETHR0 4 5 1 1% 8 (1) AR IR A 45 5 U0 26 2 ] 1 0%
RAERZEAEIT, kISR E AR .
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(d) ETHS0 }

K7

4.9 ITEEHRMEMAR

N T AT RRESR IR, FRAIE 4 DASH 1 HHE 4 -
oy BIVEAL T TR T VETE SRR R PR RE. B 9 B
IR TGRS Y S 4 2 (R R . B9 AT A

PUNER RS, L MAB KRR, 7£ 4 DEIRE LA FNZREAN E 08 15, 10 10 F1 10

MR, N E KA 4EE, LPP_SRL 7E % FhFF1E
YepE FERE R BT EERE. fER - 6 11
S g ek, AT A BR 7 SN-TSL 4M{ 7 R 30E
T8 — W7 E4EE, £ EYaleB. YTC. Binalpha.
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