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Novel Method of Improved Low Rank Linear Regression
YU Chuan-bo NIE Ren-can ZHOU Dong-ming HUANG Fan DING Ting-ting
(School of Information Science and Engineering, Yunnan University , Kunming 650500, China)
Abstract The low rank linear regression model has good robustness for the influence of occlusion and illumination and

so on. To a certain extent, the overfitting phenomenon of LRLR (Low Rank Linear Regression) is reduced in LRRR
(Low Rank Ridge Regression) and DENLR (Discriminative Elastic-Net Regularized Linear Regression) by regulariza-
tion coefficient matrix. Because the error approximation of data in subspace is ill-considered, the data are hardly mapped
to the target space accurately via projection matrix. This paper proposed has low rank linear regression classification
method which has a faster computing speed and is more discriminative. Firstly,the 0-1 constitutive matrix is regarded as
the target value of the linear regression. Secondly, the kernel norm is used as the convex approximation of low rank con-
straints. Thirdly.all kinds of the distance matrix and the model output matrix are regularized to reduce overfitting phe-
nomenon,at the same time it can enhance the spatial discriminant of projection subspace. Then, the augmented Lagrange
multiplier (ALM) is used to optimize the objective function. Finally, the nearest neighbor classifier is used for classifica-
tion in subspace. We compared the related algorithms on AR, FERET face database. Stanford 40 Actions database,
Caltech-UCSD Birds database and Oxford 102 Flowers database. The experimental results show that the proposed algo-

rithm is effective.
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AR AN EHE 34 126 201, B AHA 26 K AKE A,
Horbf 14 kB 85I RIS A 12 5k R I A (i
SR . AIGERT 50 NHHM 50 M A K R,
it 100 DS K B R IR 32X 32, Sk rh N — 2K
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1 AR BdlE X S8

B 4Train 6 Train 8Train 10Train
LRLR 0. 8070 0.8333 0. 8664 0. 8893
LRRR 0. 8007 0.8843 0.9289 0.9598

DENLR 0.8674 0.9171 0.9379 0.9491

CRC 0.7587 0. 8467 0.8979 0.9328
SLRR 0.8201 0.9144 0.9450 0.9656

LRC 0.3793 0.5425 0.6698 0.7608
OMP 0.7495 0. 8500 0.9133 0.9325

Homotopy 0. 6545 0.7525 0.8294 0.8738
TPTSR 0.7673 0. 8420 0.9161 0.9475
RPCA 0.7802 0.8693 0.9098 0.9373
E S 0.8476 0.9272 0.9516 0.9692

NT G RE b LB AR Bk 0 /N RS2 3 45 Y 52w, L
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FERET %l 2 & A 18 50 50 3 7 H s 4z 19 N 3 s
Rz —, A& 200 A A7 k3T 1400 5k 2 2238 O
B BE N 45, AR SCHE A [l R 3R R/l 80 X80, 5K
B rp N — R BEALEE B 5 KA 6 SRAE M IR AEAS, T4 19
Tk, LHRBH N2, =0.1,4,=0. 1,2, =0. 005,A, =
10°°, Smg Rk 2 iy,

# 2 FERET %4l FE X L 52 56 45 5%

g% 5Train 6Train 3 5Train 6Train
LRLR 0.2291 0.2588 OMP 0.6725 0.7293
LRRR 0.7455 0.8193 |Homotopy 0.6224 0. 7430
DENLR  0.7800 0.7915 TPTSR  0.7040 0.7430
CRC 0.6159 0.6553 RPCA 0. 6091 0.6457
SLRR 0.7775 0.8172 AXH%k  0.7925 0.8290
LRC 0. 4940 0. 5490

4.3 Stanford 40 Actions % #&

Stanford 40 Actions 4 2 AL & 40 B s/ (il L 49 3
BB AR AR S U — D EIEREAR 100 3K 23t 4000 SRAE R
Tg B A, BKE R R VGG-verydeep-19¥* 2 U T
VGG19 F-AE AR A B &, 9250 b A28 43 3 3R BT 30,
40,50 SR VRN AL R RFEAE ML, SRS
BF A4, =0.1,4,=0. 1,4, =0. 0001,4, =10 *, PR
S5 RINR 3 A

%3 Stanford 40 Actions $4 e %t Hb 5256 45 51

ok 30Train 40Train 50Train
LRLR 0.6314 0.6483 0.6795
LRRR 0. 7600 0.7750 0. 7850
DENLR 0. 7650 0. 7800 0. 8020
CRC 0. 7646 0.7750 0. 7895
SLRR 0. 7564 0.7713 0. 8031
LRC 0.7018 0.7263 0.7520
OMP 0. 7360 0.7538 0.7795
Homopoty 0.7421 0.7517 0.7711
TPTSR 0. 7546 0.7746 0.7925
RPCA 0.7389 0.7483 0. 7605
R UH % 0.7736 0.7904 0.8110

4.4 Caltech-UCSD Birds {1 B

Caltech-UCSD Birds %4k 22 J& th A 48 J& P B T 2% 58 R
HE B 1 B0 P L BRI T 200 Ah 2K 11788 kB
F T 5 28 2 1A e B A AR AR  RT O 32 5 2R 2 A8 =X AR ) 43
PR BRI Y. AR SO I R T R 20y 40 5K St
4000 5k B - AF b B diE 45, 9F F VGG-verydeep-19 # B T

VGG19 FRAE VE B dl ) &, 5250 4 5 MU A 52819 5,
10,15 5K R 1 M T ZRFE A A i HF k. 5250 S 80
T:A=0.1,1,=0.1,2;,=0.0001,A, =10 *, FHyszu5 45 R
e 4 iy,
# 4 Caltech-UCSD Birds ¥ 78 4F bt 5256 45 51

% 5Train 10Train 15Train

LRLR 0.7149 0.7477 0.7660

LRRR 0.7094 0.7710 0.8032

DENLR 0.7066 0.7643 0.8028

CRC 0.6677 0.7113 0.7508

SLRR 0.7083 0.7705 0.8056

LRC 0.6480 0.7077 0.7344

OMP 0.6414 0.7227 0.7772

Homopoty 0.6874 0.7403 0.7620

TPTSR 0. 6809 0.7533 0.7852

RPCA 0.6883 0.7440 0.7816

NP8 0.7203 0.7750 0.8119
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Oxford 102 Flowers HUH J78 J2 A1 4 4R 51 45 4 1) 32 28 55 i
PEZ — AL E T 102 Rk 3E3T 8189 sk -, B AN AE E D 40
SKRE R HA ARG AN R RN OB R, ARSI
PR AL 40 3K B R AE S B 4R 23t 4080 K s I
VGG-verydeep-19 28T VGG19 R1E A 84 7] &, L5
A3 IR IR RN 2509 5,10, 15 SR IE AR I Bl T
Mk, SIS HANT 2, =0. 05,4, =0. 05,4, =0. 0001,4, =
108, b T 4R 4% 553k 19328 17 B 18], A Oxford 102 Flowers
HHE PR A 190 7 TR AR5 T T 4 58 38 AT I ] 3R OR H kL S 2y
SRR 5 A, K S RS RO AR U
B B 2 AN AR TR R G F 6 e B T B AR S AT I ) B
s .

25 Oxford 102 Flowers $U#E g % b 52 6 45

Hk
LRLR

TrainCH# 8] /s) 10 Train( # 8] /s)
.8252(9.575) 0.8330(15.96)

15 Train( & [ /s)
0.9114(51.10)

TPTSR
RPCA
R XS %

. 8535(75.21)
.8571(118.7)
. 8868(2.640)

9222(384. 4)
9268(271.4)
9431(4.046)

. 9454(816.7)
. 9435(453. 8)
.9608(7.171)

LRRR . 8641(5.339) 0.9291(15.59) 0.9537(46.44)
DENLR . 8703(3.704) 0.9317(5.568) 0.9533(12.04)
CRC . 8633(49.59) 0.9134(327.9) 0.9211(365.9)
SLRR L8779(7.791) 0.9265(40.53) 0.9545(194.5)
0.8833(213.4) 0.9165(292.9)
OMP . 8044(70. 96) 0.8859(209. 4) 0.9043(357.2)
Homopoty . 8560(316.9) 0.9120(612. 3) 0.9290(882.7)

0. 0

0. 0

0. 0

5
0
0
0
0
0
LRC 0.8148(52. 64)
0
0
0
0
0
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STy ¥k T HL5 H A T8 5 AR B 4 vk [0 51 19 J5 i A B L 52 AT
O EE AR TR 1A R b DA S BN A R SR 2 2R Ok
- S BOLPE IR A A JRAR T, M T 2 W 1 A ST 1 %o 2
BN SRR B

FRIE  AMEEIN )k e B R SR A HOR 3. R
Tk ke M [T U1 7 e 8 4 Pk [T 0D A0 R At o DLl s L B AT AR B Y
BB AT LAY S 0 M LB R A T I R R U R A
W, SCERC12 M TR BR LMk [0 5 LDA PEREA L. (H2
FT T U AR 30 TR X L AR X454 21 65 O REAS L TRt 2 7 A2
A BLAR R FURE A B D A AR Y 32 FI ¥ LRRR,
SLRR,DENLR 45 J5 1% 5 3 % 5052 H6 B 9 15 U] 4k A7 24 22
fifp 3o A5 PR AEL I I B0 AT X 455 30 7 2 ) Y B0 Jn LAk B

R AR 75 55 SRR A S T Z (o) p B R BT . AR SCHEAIRBR e A
IFT 1 A5 7 A il 80 28 531 2 I g S e A R S
Btk —E FE B RSB TR R R OUE RO TR AR B R
BT RE M, T H E A S T B R AT
ALM A ) ORI 32 17 I 1) DR B2 4
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