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Sparse smooth ridge regression method for supervised learning

REN Weiya, LI Guohui
(College of Information System and Management, National University of Defense Technology, Changsha 410073, China)

Abstract; Ridge regression is an important method in supervised learning. It is wide used in multi-class classification and recognition. An

important step in ridge regression is to define a special multivariate label matrix, which is used to encode multi-class samples. By regarding the

ridge regression as a supervised learning method based on graph, methods for constructing multivariate label matrix were extended. On the basis of

ridge regression, a new method named sparse smooth ridge regression was proposed by considering the global dimension smoothness and the

sparseness of the projection matrix. Experiments on several public datasets show that the proposed method performs better than a series of state-of-

the-art supervised linear algorithms. Furthermore, experiments show that the proposed label matrix construction methods do not reduce the

performance of the original ridge regression. Besides, it can further improve the performance of the proposed sparse smooth ridge regression.

Key words: ridge regression; multi-class classification; global dimension smoothness; supervised learning
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Tab. 1 Statistics of the four data sets

IEIRES K n U m RHE k
COIL20 1440 1024 20
Yale 165 1024 15
TDT2 750 36771 15
USPS 9298 256 10
5.1 HiRE&E

1) COTL20 ¥#i 4, COIL20 %" 45
20 NEAEME, B2 R AL & 72 sKAS TR B A 1Y
BUZR . Rk BURRERAE G B R/ 32 x32 1R %,
Wi Fem —A 1024 i1 &

2) Yale $fiife . Yale $dsE " 5 15 A
Yy, 4165 sKIKEERR o A AWA 11 skR A
SMEATRI R, 5K I8 R BERAE 5 1 R/ 32
x32 BE , H—1> 1024 e[ 52N

3)TDT2 ¥dadE. TDT2 Hda ™ & —4 3
AHARAE , ALHE 9394 A SUAR U . B SCAR S
BE—~ 36771 dEy )RR . FEAR S i 2 T
15 BRI A FT S0 MEAS S S S8 50 B0 4
fHiH.

4)USPS %#iid, USPS $ifide™ 2—AT5
AR B 45 9298 5KIE 1,2k A 10 N0, BRIk
EIR IR 16 x16 83, H—1> 256 4ER M 3R .
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Fig. 1

)Y, J5R04 Ak

)Y, fEAIHE 2 WML 1L U d = k(d 2
WRET T 4ESE b SR REAR B H) . Y, J2
—A0-1 I, BT A —1 1R 0,

)Yyl T MG 2 MRS, &
d =2k,

)Y, R T Wi 2,4 d =3k,

S)Ys ffH THiEE 2,2 d=mo H,m
FEARE X AR 4ERE
5.3 ZLWHER

ZorRERATRMNFE 2 ~5 . SRR J7ik
FESCIHE 4R F R B RAF, i AE TDT2 SUAR%L

Sample images in COIL20, Yale and USPS database

USPS %4 FE A Yale B8, 0% 2 .38 3 R, 4
YIZRAEH E 2R M8 st 3543 28 Uy U0 ROR
SR B, X AT RE S oA IR B0 T A B4R
LIRS, SRR J7 AR SR F B0 R4, (R34 i
Rz ALRE ST

FERRE RS (D3R 6) AR MEIF 1%
A BEAR RR 73 MR 50 38, 3 1 BHRE 0 [ 0 5 3k
BAER—F LT % > 2 0F B i A &
TR A B o XX T R A A B ) R R
TR S R AR R 2SR AR SR IR A I
TN, BT AR % R MR FE SRR Jy ik b H R AR B
S — 2 R T, X 0 UE T 0 R AR 2 A B

PEEF COIL20 PR & i JF b R BP0 %%

it M

%2 AFEFHETE USPS #iE4E FHIRFIZE

Tab.2 Recognition rate of different methods on USPS dataset

NL LPP/ % NPE/ % KISS/%  LSDA/%  MFA/%  LDA/% RR/% SRR/ %
4 63.89 63.95 67. 88 62.19 68.43 63.41 69.09 74. 66
8 62.55 62.33 06.59 59.36 66.40 61.07 75.77 81.48
12 61.59 60. 10 64.92 57.13 64.94 58.24 79.58 83.94
16 55.91 52.91 61.34 50.54 603.50 52.01 81.73 85.58
20 48.04 44.54 60. 06 43.48 63.76 45.09 83.10 86.40




126 - [ B B K % i %37 %
#=3 AEFEFE Yale HHEE LHIRH %
Tab.3 Recognition rate of different methods on Yale dataset
NL LPP/% NPE/% KISS/%  LSDA/%  MFA/% LDA/ % RR/ % SRR/ %
60.74 61.39 62.22 56.04 56.96 60.75 60. 66 58.87
4 73.61 71.44 77.35 71.37 66.85 74.22 74.13 73.79
77.89 76.40 82.48 76.18 70.13 76.98 81.38 81.94
72.35 71.68 81.73 71.60 68.08 71.51 82.53 83.77
10 37.86 36.26 59.86 37.33 61.86 36.26 82.26 86.40
Fx4 AEFELE COIL20 HIBEE FHIRRIER
Tab.4  Recognition rate of different methods on COIL20 dataset
NL LPP/ % NPE/ % KISS/% LSDA/%  MFA/% LDA/ % RR/ % SRR/ %
4 74.25 73.87 80. 60 74.39 80.35 73.93 75.58 83.40
8 75.55 75.08 85.47 75.09 88.42 74.83 84.08 91.96
12 78.57 78.33 78.15 77.55 90.95 77.60 87.72 94.27
16 89.58 92.68 89.27 89.10 93.24 89.01 90. 47 96. 25
20 93.69 96.61 93.76 93.26 94.93 93.22 92.73 97.38
x5 AEFETETDT2 HEE LAIRGIE
Tab.5 Recognition rate of different methods on TDT2 dataset
NL LPP/ % NPE/% KISS/%  LSDA/%  MFA/% LDA/ % RR/ % SRR/ %
4 85.32 83.82 83.90 84.24 78.79 85.18 85.74 87.37
84.53 84.26 84.73 84.23 82.55 84.38 86.16 89.79
12 70. 16 71.42 77.09 69.47 81.55 69.72 83.48 91.04
16 77.35 77.78 73.36 76.93 81.14 76.99 84.32 91.43
20 85.84 85.81 84.89 85.44 84.68 85.47 87.17 92.22
F6 FEATNEREEENIEERAEESEEBE LRIRAIZE(NL=S5)
Tab.6 Recognition rate of ridge regression methods with different multivariate label matrices on all datasets (NL=5)
%
RR SRR
Y, Y, Y, Y, Y Y, Y, Y, Y, Y,
USPS 71.78 71.78 71.78 71.78 71.78 | 77.22 77.37 77.84 78.16 78.80
Yale 77.05 77.05 77.05 77.05 77.05 | 76.72 77.16 76.27 76.50 75.83
COIL20  76.67 76.68 76.68 76.68 76.68 | 85.53 85.69 86.85 87.09 85.97
TDT2 87.02 87.05 87.05 87.05 87.05 | 88.69 88.93 89.31 89.24 89.40

5.4 HESH

Fvgi B ] SN (14)

SRR — T Z AR, SO R Pl 40l
FOIT R I HSCHR T S IR i HEZ 8. W T SRR
Jrid, E A B R e S

B SR IR
(SHCH : % T USPS, TDT2 il Yale ¥4 FE, A, =

0.01,1, =0.01,A, =0.01; %} T COIL20 ¥t4iifE , A,

=0.001,A, =0.01,A, =0. 1,

A (K (4))

R e R (R A ARLLEE , T SRR B s =5, ff e
W, SCHRd Y, /5 SRR AURRE A

I RN B AR P IR , B Y

m

z sparsity(P'")

Kep, P2 PSS TR

sparsity(P) = (14)
v ﬁi PY WIRIEIE sparsity(P') Al f[f]
BRGE Y AR,
sparsity(P'") = -
parsity (P") a1
(15)
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2 — A 1) BT A (A A [ B, HG A i E D Ay
0% , J— A 1 A — IR AN 0 I, H A g
JEIR BN R, BUE A 100%

F T AR LA BN B R 1P 5 61
o mRA A i, SRR J7 3615 2 (B HE B
RR FHAt R 23 L7 3645 2 A B A e HA S

e AT BE o KISS JiE 427 ) J5 i A A4 vl PAAS 3]
HAT e KMo BE OB /M . XLk 2 ~5 Fisk
7, R BCE R R g e R B R AR R UM R B
AT KISS J7ik ZORM PR A S R 4 X
SIS B R B B 2, X AT RE e HB
W A P v (EL R R AN SRR D595 B A

RT TREERFRINRAEER THRRE(NL=5)

Tab.7 The mean sparseness of the projection matrix obtained by different methods on datasets( NL =5)

%

LPP NPE KISS LSDA MFA LDA RR SRR

USPS 23.73 23.04 88.16 23.00 23.91 25.70 w 55.30

Yale 24.52 24.33 79.72 24.92 2&22 25.14 27.52 50.42

COIL20 23.79 24.15 75.63 24.29 2\7,\21\ 24.17 27.10 74.55

TDT2 25.34 25.61 83.93 24.32 25.87 25.22 11,\22\ 59.53
5.5 BHARAR H = argminh, ||, + %‘H (p+ Q)
AR I R B B MR A 2 — OB gl

BT £y 8 6 6T B B S (16) FT R 0 IE = (P4 2) (20)

I 5 -

1Pl = 2 1P, (16)

d
P RP AR PO, = (X (20
j=1
m d

Bg =200, |Pl,, = Y (Y P)" AR

! J

i (group sparse) 2 0 < q < LEf, | P? ||q
F R ZEA R L, AUTE %L (quasi-norm) P70 5

w1 (S
%Uﬂﬂ,é q = ?Hﬂ" HP||1/2,1 =

Z‘ ( 2 ‘PU‘I/Z)Z
RN 1, B
rEE P, AP, , IR P], 29
HL (7)) A (17) S(18) .
P = argmin|[P'X — Y[} + A, PJE +

A trace(P'LP) + /\3||PH2,1 (17)
P = argmin|P'X - Y'[} + A, | P} +
)\ztrace(PTLP) + /\3||PH1/2,1 (18)

R (17) A(18) I ZHKMA(T) 1
ik, MR, R (12) 2o = (19) |
#X(20) .

H = argmilrl)uHH”Ll + %HH - (P + %)

- Q
‘FJP+M) (19)

2

r

He, rJ& L, (TR B1EF (S
BRL28 ] M2 M B B 4E +) ,Q & [, TEER
BT,

Kt Pl NP, FUP, . A 5 57 2 5 15
PR RS 5L - P 0 1] 051 B3 49 53l iE o SRR_T, SRR _2
FTSRR_3, X3k = Fp ke dE A7 %) FE 5256, 245 5 4
T8 FiRe BRSBE A, (i=1,2,3) 2 LAk, SLE0HY
Hofh 2505 5 W) _ESCHR

8 g T SRR RAE L LEA [ 4
FIrakR SRR A N S BUE A, (1=1,2,3)
SRR A R AR 1 BT 1Y, RS (L
4710.0001, 0.001, 0.01, 0.1, 1, 10} . shiHml=
M5 ,SRR_1,SRR_2 1 SRR_3 FIAHIT, MiAk 3k
i SRR_2 F 4T, SRR_1 I ,SRR_3#: 2%

6 #ig

Y7 T (8115 3% rh 22 A AR R I A A 3
7 i AR R REEALE B Jo A HL R AR, (285 AH
A R REASFE 35052 i S B [0 5 [ Fia o o Jead B0
X AR EEBRAE R 0 A, 45 R 4R T
I 5 ABCE R AR B TE, #E T RR Jrik, E
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Tab.8  Recognition rate of different sparse constrained SRR methods on 4 datasets
Btk SRRI(A;,45,435) SRR 2(A,,45,A45)  SRR3(A1,24;5,45) NL  SRR_1/% SRR_2/% SRR_3/%
5 79.20 79.36 79.34
USPS (0.01,0.1,0.01) (0.1,0.1,0.01) (0.1,0.1,0.001)
10 84.45 84.57 84.55
78.33 78.86 78.84
Yale (0.01,0.01,0.01) (0.001,0.001, 0.1) (0.01,0.001,0.001)
10 86.40 86.00 83.60
5 87.47 87.76 87.24
COl20  (0.1,0.1,0.1) (0.1,0.1,0.1) (0.1,1,0.001)
10 94.72 94.50 94.47
5 89.15 89.45 88.82
TDT2 (0.01, 0.1, 0.01) (0.001, 0.01,0.1) (0.01, 0.01, 0.001)
10 92.12 92.11 90. 46
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