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Abstract; The kernel technology of Compressed sensing theory is to find the sparsest representation to
recover original signal data, in which the convex optimization algorithm of minimization the [, norm is a
important method. At present, a key algorithm solved minimization the [, (p < 1) norm is iterative re-

weighted least squares algorithm ( /RLS_ ,0 < p < 1) with affine constraints, but a crucial question of

-
the IRLS _, Algorithm is to iterate convergence and real time performances. Therefore, the EIRLS_, and
sEIRLS _, algorithms were proposed to extend /RLS _, as a family of algorithms for the matrix rank minimi-
zation problem, and to improve /RLS _, implementations performances of successive iterates convergence
and real time. Validating results show that both EIRLS _, and sEIRLS _, perform better than singular value
thresholding (SVT) algorithm. At the same time, it was observed that sEIRLS _, performs better than iter-
ative hard thresholding algorithm (THT) when there is no apriori information on the low rank solution.

Key words: iterative reweighted ; matrix rank; compressed sensing; Frobenius norm

ST U i, Mg R mBen] XM a e R4 e R, card (x) FoRskiiAm /R~ A
PAZRAR N« Fiasia) o BARF TR, X2 v Mtk HEl, f#
mincard(x) st A(X) =b (1)t (1) XAJUR EEALREET i/ ) JEE™

« IR EHEE: 2013 -09 -20
E€UH: ERARBIFEEESEHHE (61272381); |74 BARFEEFIHE (S2012010008639) 5 |~ ARAF
iRl wmpmi e (2012B010100035)
fEERN: B/ (19714 ), &; BIRAE: BT EEHEARSFEEELS; E-mail: CXL1688@ 163. com



24 HIlRA R AR (ASRBERR)

553 &

PeAbsr g . VCHE B S5 e skt > o T ik
/N 1 EBCERE G SR E PERE, Candes 1 Dau-
bechies 2577 R B TR AT ANAL 1, Ak AL E
IAUR/N_FCIRLS , (0 <p < 1) 8k, Hp, 7
IRLS , B3k, 5 (k+1) WGERIEAFRR N

kel st Ax = b (2)

x = argininz wa‘xf
L, wi = (1o 12 +y)"? 7 FoRIBUR R, iy >
00w WIHYSH. hTHERRNERZE,
(2) 252 BB dpe K [m] R V-4 A ke ik A Se S5 1
SLIHPERAF R o NI, Mohan and Fazel*' 421
T E MBI BB . (HIE, Busus/ MBI
AR — PR, AR N
i, SRR AR IRMR K

Chartrand 25" ~ "ISER] 76 A 23 AR 5%
T, BB/ M IRLS | 505 0 5 e iRk
A(X) = b MR- [FEF, MUl BITE p <1
W IRLS |, bef/N 1 SEECEA TR IS S IR P RE
FEFIAAE, B ILAT R G2 e i 4
EACHS XN F {545 (BP Frobenius Norm) 155 /)N
LI, Ao Hr T — 2897 k& EIRLS , H kW PE
fE. TEMCELAN I, @AM EREE GP (Gradient Pro-
jection) fRIALIE 3 HAR R B SR i #2, 1
SCPL T R R A D A B (TR FR
sEIRLS |, B35) o ASCHFSEH B2, 000 40 J5%
PSS EIRLS |, BB i sier: 5 Semt vk 2z 18] i) A
AT, AAE TR R R S — R R R =
%,

I JUHEt EIRLS ., 50k

SE S X IZEEC (11X . =), o(X),
Hb o, (X) RRET X P8 i MR E. Hlk,
X PR A AR e Ry (1) K@, FATar LA
133 —Fhd/ MEZIE RO R

min | X ||, s& A(X) =0b (3)
(3) UHPSRA R T AR R/ 1 JERGR 2, H
IOk B K ) B R M B e 22 R
I, FATEE (3) Xpy—Fh k& Bk AL K
f#Jiik. E L F (Frobenius) WU T #Y—Fh -
Schatten-p pRETE R

LX) =TH(X'X +y-D)7 (4)
XH Tr (- SHFFERYE . Fh A R ek 5 M o
A, Zp>0mf, RELS,(X) =R Hp =1
B, £, (X)) BAMNE; ey =0 U p— 0,

[, (X) —rank(X) o Hp=1,y =00, (X) =
| X ||, %A Schatten — 1 J5%k, Htk, *F (3) =X
) SR Aiff 3 ARA TSR A LA TS [

minf, (X) s.t. A(X) =b (5)
EEIN (4) KB A: VLX) = pX(X'X +
y D" A (5) K, MY A —Fh KKT
TR (Karush-Kuhn-Tucker fefifb 251F) IS
L

X(X'X+y-D""+A7 (1) =0
A(X) =b (6)

Hrpr, AT (X)) FORFHEE ]y A B FEFE A By L4
Mo %) (6) U KKT Z&44F 1 KA -

X=- JAT XX 4y D' (7)

O A, Al R R A% . RmAL
FECH W, = (XX" + - D" H R KKT 46442
AKX = b Rar &k, W ARA (7) K, #
B X EAOR A 7N

1

Xk+l :?A*(/\)W/ﬁ—l (8)

pal (7).(8) AL, X" T (6) s KKT
aMF, HEfE T (9) Lmiiife sk
minTrWiX'X st A(x) =b  (9)

ULEH, Bkie/Mb EIRLS |, 500026 I e 4 Jak
AN AR AL R ) — P A R
1.1 EIRLS_, SEIRHyu ssriE

h T HER AT EIRLS ) Sk 22k AU S
P, SCF R SO B —Fh R4

r(Z,W,y) = %(Tr(WZTZ) +

yTr(W) + Tr(W™")) (10)
HHZ e G(b), 6 (b) AFRE=MEH A (X)
=b A /R AR = L. X p =11, EIRLS &
RS 2 M T
Xt = argminZeC(MF(Z,Wk,'yk) (11)
Bt ¢ = min{y' o, (XY)/N, Hf KRN
selE R 2 (10) SR EAA (1), Jf
ARYEHE A0 F SRR P BT, F ATl LR 4 2
PAFEAER
W = argmin" (X", W,5"") (12)

wW>0
HAXR
F(X/ﬁl ’W/H»l ”yk+l) < F<Xk+1 ’W/r”ylwl) <
X" WYY < DX, W90 (13)
Ht, PR e =1, BIAXFR X', <



52 39

WR/NER A TRGRIEGEE T 9 Rk AUE I B N — R G i P RE 7 25

FX' W) =D, XHE, W =1,y =1, HFF
o (W)=D"j=12, .. mnlm,n], X
W1, 7EiRBA /RIAFRF 2R ZS R, @ e —
I ZSEy , EIRLS | B3k BB AROEL, H
REAS FHLEA WE— R/ MERR RO SR M s
1.2 EIRLS , R30Stk
AT U] EIRLS o SEIRR s, & X—
FIOGET WD X EB™ A MR F SR AL
H(X,W,y) = Tr(WX'X) +y - TrW - logdetW
(14)
Horr, detW FoRH M W 947502, AR 38 66 B 38
FuBum s, RUTFAK (13) fFEEMTRR:
H(Xk”,Wh],’ykﬂ) < H(XkJrl,Wk,’ka) <
H(X" W 4% <
H(X" W 4" (15)
MFLE k=1, RATE logdet(X"X") < H(X',
W) : = E o Boy (W) IAUERE WA k Rk
RIS AT FE, WEEAAEXRL o (W)
=e’ j=1,2,...,0. Hf, t=min [m, n], X
WA T EIRLS , BykRee A 30sk, HaeheH—
Pl e A R 2 — 2R .

2 TR Y SEIRLS | Fivk

2.1 SEIRLS_, BikHISSIEE

5 S 1o 8 5 o A8 B 2 A A Ak SR figp 1 S B it
T BRAIEM R R M, O 4 X i S B
[ Rt W] S R Y (GP) Oy kAT e, It
133 EIRLS _, B3 52900 o — I 2 - i 47 e i
REIMAE /N T (sEIRLS , ) Hik, HREX
A

minrank(X) s.t. Po(X) = Py(X,) (16)
XHL, X, SRR ATEE 5 5 B B, Py:R™
— R™", FIRHIFE X 78328 Q PRI BT R
X, WEEE T, (i) e QuEIRLS., Bikmseiiit
PR T

Wk =0,X =0, R AEEIHE.

D)W= (XX +yf

2) X" = Po(X' - o' X'W)) + Py(X,) .

3) WHE k=k+1, HHE1) -3) HIMLSL,

F LA UL, F F [ € y 248, sEIRLS_, (0
<ps<1) FELIEE GP HsR F i mEiun/ ME
- minf, (X) (s. . A(X) = b) W&ER. ZHEILBKK
P H A FE SR JE T Schatten-p bR AR B9 R A2 A,

BAENHRFN 1X:Py(X) = Po(X)H, Hy = o
M4 p =0, sEIRLS , YLV FAFE GP 5K A
SCIRA R 2518 - minlogdet(XTX +y D) (s 0. A(X)
= b) W/ MESE R A, U SIC3  #2 s 2
BRREMN—MER . [N, 2 p=11f, sEIRLS
I EIRLS ., 535 WAR BE B8 W 8313 Schatten — 1
PRI 42 Jry i M

2.2 SEIRLS , BiEHIRIER ER

FEARFRMET, R T EIRLS B3R89 F LR
T S BB (0 R R A, [ Es SCRB A R il A
SRR, ATHM ERE X R Py(X) =
P,(X,) B EIRLS , ik A (X) =b LR
o [FIEE, FBRERE (GP) HykKff EIRLS 5
EPRRGER BN s B . i, TR
F— PP sEIRLS _, 2 HARSE B X

WEk =0,X° =0, #iUFAEEENR.

DW= (XX vy D B, = X

2) BEE BB RN L, TR Y
(GP),

2

a) X,., = Po(X,y - EXOM : Wf;) +P,(X) 5

b) Xy4 = X,., - &Il a) EAEF] GP IS,

3) X' = Xk =k + 1, &E 1) HE
EIRLS _, B8

Sk, GP KR 2/L | LY 2R D5 R
Tr(W'X'X) {E55 k YGEAR MR 2% (Lipschitz)
FEREHH hBETT I, GP 5 &M EIRLS 55
VA B OGRS RAE N ES (h+ 1) Yk AURS
B eI 1, SNE SHHREYGE AU S —
TS B A
3 R RIE R L RE A
3.1 EEWIEMSHEIERE

BB X, Y - Y 2, Hipy
ML LD EBEER R, HY e R, n
=500, H— LB AR X, (K& 1A
1), HR/NH 500 x 500, X, HFE r 2353 E N S
10, 15, [alif, FRATE OYTEW 115 5 B Af
MEEREE = | X =X || o/ | Xo || » <1070, {5
SRS I LI o SEERR, S Q@ IED ¢ 1Y
DI%%AE {0, L BEBLE ™A BT iS5 1] Matlab
5 Intel XL 40 # 48 F 44T, JL CPU 25 3 GHz,
RAM Jc/]\2% 3. 25 GB,

TSy EFE: R T i SO Sk



26 HIlRA R AR (ASRBERR)

553 &

ARSI E AR, B X, B9ZI R B+
n =1. 15, JAWSE " = y'/9" (¥ AwRiE
fH)o WEHY =y | X |5, v R EAGTHHY H A
K, K1 R TRy, &4 EIRLS |, AR EK
K SEARIKE € RFR

10%
) y =le-4 —

s 100%: y =le-3 —|
g‘% . y =le—2 e
E =le—1 --
B 1 024 y =le-1----
& 7, =let0—. —
'
Z 107

10°¢ T | | | T T T T

50 100 150 200 250 300 350 400 450

e AW/ 0

B1 =500, p=0, 7 =1.15, KMy, KT
EIRLS _, S5k BUEfE
Fig.1 n=500, p=0, n =1.15, implementation

performances of EIRLS _, to different y,

HE AT, My, < 107 B, ISR,
RAHXT IR AR & fHAR KR Yy, > 107 B, HIXE
BERAE & BUN, BISICGHEE RS . I, v, RIZEHE
JERSNN EIRLS _, B SeUERE R CHE . FHIRIESLEE
ZEREH, HeFEy, = 107, EIRLS , BR800
g PERE LT o

ZESH g R WHEy, =107, & Lk
o BHERE Xy B ARy (2n-r), HEE X, B9A
HESR FR=r- (2n —r)/q, RFEFR SR = ¢/n’, il
AR AR AT A, W FR > 0.4 SR T 1,
BIKE S X, SRR, RZ, Wik FR<0.4
AT 0, WWE X, SRS .

B2 378 1 EIRLS 5035 5 2V 200 n W UEE
KA TSy, M€ ' 5, 0 BORT X, 1
BT SR BRI o XETF AR SR X, SB35
MIBEHL™2E 10 4524 L, ik X, gk r
=5,10, 15, FR =0.18, 0.2, 0.33 B}, 5 =
L15, L1, 1.05, SRS 5 R R AR AR,
H B REAR LT

10()
107
4§§<-
o}
ﬁé 1072
B
& 107
;D:E
10
1075 T T T T T T T T T
0 50 100 150 200 250 300 350 400 450
2 n=500,y, = 107, Al n &fF
N EIRLS Bk S BATE RE
Fig.2 n =500, y, =107, implementation

performances of EIRLS to different n

3.2 HEMTIHWERREMERILR
SESCINT, BATI MBI FR R € <
107 1, FoRFBMIIRE TR a (S, A NS
VER IR AL SLHe Rt ey, = 107, [)
W, X FR<0.4 B, %y =1.1; MY FR =0.4
if, ¥E# n =1.03, F£ 1 50H 74 FR <0.4 i,
TEA R SR SR E T RIERYSEBIPERE, JF5 SVT
kAT T 8. W WL, EIRLS ,,sEIRLS
EIRLS _, ,sEIRLS _, 5535 #B RE % B - WK 52 it 1 %X
i, (B SVT fE R SefF AL T 2R TCRL A . B R w]
PAIFEH, EIRLS , bt EIRLS , 51 S 5 2 8 /b

Z%1 EIRLS 1 SVT B A0S BB L3¢ (FR<0.4)

Table 1  Performances comparison for EIRLS and SVT algorithm ( FR <0. 4)
SIS SRR EIRLS sEIRLS EIRLS sEIRLS Svr
n r SR FR k  BE] /ms k  B}E] /ms k  BE] /ms k  B}E] /ms kA /ms

100 10 0.57 0.34 131 4.45 130 1. 61 53 0.75 55 0.81 170 5. 68

200 10 0.39 0.25 136 4.45 137 2.38 58 1.32 61 1.28 109 3.73

500 10 0.2 0.2 158 24.41 161 6 75 9.61 96 4.93 95 5.8

500 10 0.12 0.33 269 37.72 335 13. 81 218 22.72 278 11.01 - -

1 000 10 0.12 0.17 180 113.68 192 32.16 108 55.39 139 20.76 85 10. 70
1 000 50 0.39 0.25 139 134.25 138 102.51 50 59. 62 58 61.26 81 49. 15
1 000 20 0.12 0.33 239 156.03 281 57.81 186 96. 18 238 43.04 - -
2 000 20 0.12 0.17 178 485.19 188  166.21 99 235.91 129 98.51 73 42.30
2 000 40 0.12 0.33 235 810.01 268 322.89 168 432.25 218 227.01 - -
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B LA ERIZE SR AT, £ sEIRLS , | EIRLS_, &
IV, sEIRLS  SCRHE T 5 | S g f 4F o
P B, FRATT 2 sEIRLS |, F1 THT S35 1)
SCPLERE . FEANFEITEOLT, 2R3 M4 4351502 T
e S BB ) 5 2 A AR R B . R B NS LA
FatEmiE, m33 T, 4 FR <0.4 i, Pfp
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F 4 AT 0L, sEIRLS , 500 SEIPERE R B A F HT
(=87
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Table 2 Performances analyzing for EIRLS algorithm (FR = 0.4)
SIS R sEIRLS _, EIRLS _, sEIRLS _,

n r SR FR K NS I}[AE] /ms K NS I}HAE] /ms K NS B}E] /ms
40 9 0.5 0.8 4705 4 162.2 1382 10 17.32 2361 9 30. 19
100 14 0.3 0. 87 10 000 0 545.81 4 809 10 89.48 5032 8 114.5
500 20 0.1 0.78 10 000 0 723.52 4643 8 389.58 5138 10 315.52

1 000 20 0.1 0.4 643 10 142. 81 338 10 182.75 403 10 97.12
1 000 20 0. 06 0. 66 10 000 0 1830.92 2675 10 921.01 2923 10 484. 15
1 000 30 0.1 0.59 1 146 10 295.06 769 10 400. 92 909 10 243.19
1 000 50 0.2 0.49 548 10 339 187 10 239.71 268 10 231.21

%3 SEIRLS B IHT SEAMSTEIERE R (2 FR <0.4 1)
Table 3  Performances comparison for sEIRLS _, and THT algorithm ( FR <0.4)
LS HAE sEIRLS _, IHT

n r SR FR K NS A [E] /ms K NS A [E] /ms

100 10 0.57 0.34 55 10 0. 81 37 10 0.79

200 10 0.39 0.25 61 10 1.28 44 10 1.49

500 10 0.2 0.2 96 10 4.93 70 10 5.16

500 10 0.12 0.33 278 10 11.01 202 10 8.23

1 000 10 0.12 0.17 139 10 20.76 102 10 17. 69

1 000 50 0.39 0.25 58 10 61.26 34 10 80.24

1 000 20 0.12 0.33 238 10 43.04 176 10 34.79

2 000 20 0.12 0.17 129 10 98.51 96 10 90. 19

2 000 40 0.12 0.33 218 10 227.01 166 10 202.2

# 4 SEIRLS FI IHT FELpSEPERE HLHL (FR = 0.4 1))
Table 4  Performances comparison for sEIRLS _, and THT (FR = 0.4)
LR SPRE sEIRLS _, THT
n r SR FR K NS Asf[E] /ms K NS 5 [E] /ms
40 9 0.5 0.8 2 361 9 30. 19 5 000 0 51.40
100 14 0.3 0.87 5032 8 114.5 5 000 0 75.63
500 20 0.1 0.78 5138 10 315.52 5 000 0 583.04

1 000 20 0.1 0.4 403 10 97.12 280 10 72.67

1 000 20 0. 06 0. 66 2923 10 484. 15 10 000 0 1175.45

1 000 30 0.1 0.59 909 10 243.19 660 10 213.95

1 000 50 0.2 0.49 268 10 231.21 203 10 186. 15
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